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ABSTRACT

This work presents a novel representation learning framework, interaction-world
latent (IWoL), to facilitate team coordination in multi-agent reinforcement learning
(MARL). Building effective representation for team coordination is a challenging
problem, due to the intricate dynamics emerging from multi-agent interaction
and incomplete information induced by local observations. Our key insight is to
construct a learnable representation space that jointly captures inter-agent relations
and task-specific world information by directly modeling communication protocols.
This representation enables fully decentralized execution with implicit coordination
while avoiding the drawbacks of explicit message passing, for example, slower
decision-making, vulnerability to malicious attackers, and sensitivity to bandwidth
limitations. In practice, our representation can be used not only as an implicit latent
for each agent, but also as an explicit message for communication. Across four
challenging MARL benchmarks, we evaluate both variants and show that IWoL
provides a simple yet powerful key for team coordination. Moreover, we demon-
strate that our representation can be combined with existing MARL algorithms to
further enhance their performance.

1 INTRODUCTION

Representation learning has become a foundational paradigm, leading to significant advances in
computer vision (Roh et al., 2021), natural language processing (Liu et al., 2023), and, more recently,
learning-based control (Hafner et al., 2025; Espeholt et al., 2018). Within imitation learning and
reinforcement learning (RL), structured latent variables such as successor features (Sun et al., 2025;
Agarwal et al., 2024), temporal distance embedding (Wang et al., 2023; Ma et al., 2023), skill
embedding (Pertsch et al., 2021; Wang et al., 2024c), and symbolic representation (Landajuela et al.,
2021; Christoffersen et al., 2023) have improved sample efficiency and policy generalization. By
contrast, effective representation learning in MARL remains relatively underexplored. Furthermore,
partial observability and complex credit assignment blur the learning signal, hindering agents from
acquiring representations for team coordination in their shared environment (Guan et al., 2022).

This work studies how to build a representation for a multi-agent system with the following question:

What information should a latent representation for team coordination capture
to enable coordinated control from partial and noisy local observations?

We argue that an effective representation for team coordination should capture at least two-fold: (i)
inter-agent relations (Sukhbaatar et al., 2016; Foerster et al., 2016; Jiang & Lu, 2018), who influences
whom, and how complementary their roles are, and (ii) task-specific world information, i.e., a compact
surrogate of the privileged global information (Cai et al., 2024; Li et al., 2024b; Ndousse et al., 2021;
Salter et al., 2021). Such representation provides sufficient information for downstream control,
permutation-invariant to agent ordering, and scalable with team size, so that decentralized policies
can reason consistently about a shared environment despite non-stationarity and credit assignment
challenges (Omidshafiei et al., 2017; Dibangoye & Buffet, 2018; Lee & Kwon, 2024a).

We address this question by learning an interaction-world representation through an encoder, trained
with two decoders that align such a representation with the factors needed for coordination. More
precisely, interactive and world decoders reconstruct pairwise interaction signals between agents,
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which are extracted by a graph-attention mechanism (Veličković et al., 2018), and privileged state
features, respectively. Note that two decoders and a graph-attention module are used only at training
time as guidance; at execution, each agent conditions on its local observation to produce a unified
representation without any decoder or message exchange, yielding a fully decentralized (and thus
implicit) use of the learned representation. While the graph-attention approach resembles a communi-
cation module (Hu et al., 2024b; Pina et al., 2024), in IWoL it serves primarily as a representation
learner; if desired, the same backbone can also be used to generate explicit messages at test time.

Contribution: (i) Firstly, this work proposes a novel representation learning framework for multi-
agent coordination, interaction-world latent (IWoL) that encodes both inter-agent relations and
privileged world information at a task level. (ii) Secondly, IWoL extends the line of communication
MARL by introducing a communication scheduler based on graph-attention, which serves purely
as a representation learner under an implicit communication scenario. In addition, this architecture
naturally admits two variants: an implicit mode, where no messages are required at test time, and
an explicit mode, where the learned messages are fed into the policy network for message-rich
coordination. (iii) Lastly, to demonstrate the efficiency of IWoL, we compare the proposed solution
with MARL baselines across four challenging multiple robotics testbeds, including autonomous
driving (Li et al., 2022b), swarm-robot coordination (Pickem et al., 2017), bimanual dexterous hand
manipulation (Chen et al., 2022), and multiple quadruped robots coordination (Xiong et al., 2024).

2 RELATED WORKS

Cooperative Multi-agent Reinforcement Learning. Transcending the single-agent environment,
MARL has received attention to tackle robotics and other domains of the real world; the fact that
each agent relies on a noisy and local observation of the environment further compounds coordination
difficulties (Yang et al., 2023; He et al., 2022). To surmount these challenges and foster cooperative
behavior, several approaches have been proposed that enable agents to learn effective strategies
through the joint optimization of a shared team objective in online settings. The centralized training
and decentralized execution (CTDE) framework is widely used as a promising alternative (Zhang
et al., 2021). This framework leverages global state information during training to alleviate partial
observability while each agent learns a decentralized policy that relies solely on local observations
during execution (Yu et al., 2022a; Lowe et al., 2017; Qu et al., 2020; Rashid et al., 2020; Dou et al.,
2022; Li et al., 2022a; Foerster et al., 2018; Li et al., 2021a; Shao et al., 2023; Wen et al., 2022; Zhu
et al., 2024). This work introduces a novel MARL algorithm that models the interaction-world latent
representation using a communication protocol, enabling robust performance in cooperative MARL
tasks.

Communication for Multi-agent Coordination. Inter-agent communication is a linchpin to facilitate
effective multi-agent coordination in MARL, fostering synergistic collaboration between agents.
Most seminal works in MARL have centered on explicit communication protocols, where agents
exchange messages to gain a clear understanding of others’ context; for example, predefined full
communication (Foerster et al., 2016; Sukhbaatar et al., 2016), partial communication (Wang et al.,
2020; Yuan et al., 2022), learnable communication with adaptive gating mechanisms (Jiang & Lu,
2018; Singh et al., 2019; Ding et al., 2020; Hu et al., 2024b). These solutions frequently impose heavy
communication burdens, making them unsuitable for real-world scenarios with limited bandwidth
while also being vulnerable to adversarial attacks (Dafoe et al., 2020; Grimbly et al., 2021; Yuan et al.,
2023). To address these challenges, we propose a communication protocol that learns inter-agent
relations as an interactive latent. This design embeds coordination cues directly into the latent,
enabling message-free deployment and decentralized, efficient inference.

Representation for Multi-agent Reinforcement Learning. Representation is critical for RL im-
provement, empowering agents to distill complex observations into useful abstractions that drive
more informed decision-making. In MARL, individual agents use representation not only to better
encode their local observations but also to facilitate the encoding of intricate inter-agent interactions
or underlying world dynamics. Several works build representation in MARL, such as information
reconstruction (Kim et al., 2023; Kang et al., 2025), auxiliary task-specific predictions (Shang et al.,
2021), marginal utility function (Gu et al., 2022), self-predictive learning (Huh & Mohapatra, 2024;
Feng et al., 2023), contrastive learning (Hu et al., 2024c; Song et al., 2023), and communication
protocol (Jiang & Lu, 2018; Niu et al., 2021; Hu et al., 2024b). While these studies have advanced
MARL representation learning, they focus narrowly on specific aspects, e.g., local observation em-
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bedding, inter-agent relationships, or world dynamics, without integrating them. Such approaches
can lead to fragmented representations that may hinder agents from forming an understanding of their
environment. This work proposes the IWoL framework that leverages privileged information during
the training communication module to capture inter-agent relationships and world information.

3 BACKGROUNDS AND PROBLEM FORMULATION

Decentralized Partially Observable MDP. We formulate the MARL problem using a decentralized
partially observable Markov decision process (Dec-POMDP) (Bernstein et al., 2002) M, which
is formally characterized by the tuple ⟨I,S,Oi,Ai, T ,Ωi, ri, γ⟩, where I = 1, 2, · · · , I denotes a
set of agents. Here, S represents the global state space; Oi and Ai correspond to the observation
and action spaces specific to agent i, respectively. The state transition dynamics are captured by
T : S × A1 × · · · × AI 7→ S, while Ωi : S 7→ Oi specifies the observation function for agent i.
Each agent i receives rewards according to its reward function ri : S × A1 × · · · × AI 7→ R, and
aims to maximize its discounted cumulative reward given by Rt

i =
∑T−1

k=t γk−t rki , with the temporal
discount factor γ ∈ [0, 1). Our framework is developed based on Dec-POMDP augmented with a
communication protocol P . Consistent with previous literature in communication-based RL, we
assume a deterministic MDP throughout this work, unless explicitly stated otherwise.

Problem Setup. We posit each agent i has access only to its own local observation oti and must act
without direct knowledge of the global state. Under such partial observability and interdependence,
successful team performance hinges on effective coordination via synchronous communication.
Concretely, we introduce a learnable protocol P : M0

1 × · · · ×M0
I 7−→ M1 × · · · ×MI that

transforms each agent’s raw message mt,0
i ∈M0

i into a processed message mt
i ∈Mi. At every

timestep t, all agents emit mt,0
i , receive their corresponding mt

i from P , and then select actions.

Within the CTDE framework, our objective is to jointly learn the policies {πi}i∈I and the commu-
nication protocol P so as to maximize the team’s cumulative discounted return. To achieve it, we
consider both implicit and explicit communication protocols.

On-policy Optimization. Our proposed solution is based on the on-policy optimization method,
the multi-agent proximal policy optimization (MAPPO) algorithm (Schulman et al., 2017; Yu et al.,
2022a). Based on this, we train all modules of a framework in an end-to-end manner under online
settings. The loss for policy and value function is defined as follows:

Lπ(ϕi) = −min(ptiA
t
i, clip(p

t
i, 1− ϵ, 1 + ϵ)At

i)−H
(
πϕi(a

t
i|oti)

)
, (1)

where ϕi is parameter of agent i-th actor network, pti =
πϕi

(at
i|oti)

π
ϕold
i

(at
i|oti)

is the probability ratio, At
i is

an advantage estimate, and ϵ is a clipping parameter typically set to a small value. The additional
entropy termH

(
πϕi

(ati | oti)
)

encourages exploration by penalizing overly confident policies.

Next, the centralized critic parameters θ are updated via a clipped value loss to stabilize learning with
the shared observation ot = [ot1, · · · , oti] or state st, as follows:

LV (θ) = max
(
ℓδ
(
Rt − Vθ(o

t)
)
, ℓδ

(
Rt − V clip

θ (ot)
))

, (2)

where V clip
θ (ot) =Vθold

i
(ot) + clamp(Vθi(o

t)− Vθold
i

(ot),−ϵ, ϵ)

and ℓδ(·) is the Huber loss (Huber, 1992), which is less sensitive to outliers than a standard MSE loss.

4 INTERACTION-WORLD LATENT (IWOL)
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Figure 1: A motivating example. Explicit
communication’s performance degradation
in two challenging scenarios: Type I. Band-
width (bits per second) constraint; Type II.
Communication attack.

In this section, we first show a motivating example of when
explicit communication fails in 4.1, introduce IWoL in
Section 4.2, and then explain how to train it in Section 4.3.

4.1 A MOTIVATING EXAMPLE

Figure 1 shows performance degradation in a simple traffic
junction (Sukhbaatar et al., 2016) where multiple agents
rely on explicit message passing to coordinate their move-
ments. While unconstrained communication achieves
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Implicit Interaction-World Latent (Im-IWoL)

Policy

Obs Encoder

Local observation
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Figure 2: Overview diagram of IWoL framework. Grey box represents each agent. (Left) Implicit variation of
IWoL. In this variation, each agent does not use communication messages at execution time. (Right) Explicit
variation of IWoL. Policy directly uses a communication message from an explicit communication protocol.
Note that IWoL’s value function is decentralized, and it uses its own message and local embedding Vθi(m

t
i, f

t
i ).

Herein, ·−i means all agent’s elements except i, and ·(−i)i includes all agent’s elements including i.

nearly perfect success (Normal), imposing a bandwidth limit (Li & Zhang, 2024) reduces per-
formance by about 10 ∼ 30% (Type I), and a message-corruption attack (Sun et al., 2023) leads
to a severe performance drop (Type II), i.e., approximately 60%. This dramatic degradation under
realistic constraints and adversarial conditions reveals the fragility of explicit channels. To ensure
robust multi-agent coordination, we thus advocate for the necessity of implicit communication in
which message changes only happen within training. That is because the implicit communication
method naturally overcomes these issues. Please see the Appendix D for details of this toy example.

4.2 INTERACTION-WORLD LATENT FOR MULTI-AGENT COORDINATION

Our desiderata are twofold: first, to avoid explicit message passing, but maintain team coordination
under multi-agent dynamics and partial observability; and second, to maintain simplicity by refraining
from additional modules, thereby enabling faster decision-making. Therefore, we learn a latent
representation zti from local observations oti, encoding inter-agent relations and task-specific world
information. For this, we redesign the communication protocol to serve our learning objective.

Self-attention
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Local observation
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Figure 3: Design for ob-
servation encoder.

Architectural Design. Figure 2 shows an overview for IWoL. First, each
agent i employs an observation encoder depicted in Figure 3 to transform its
raw local observation oti into other modules. Specifically, oti is processed by
a self-attention layer, which produces an intermediate embedding f t

i . This
embedding is then forwarded through an MLP, which outputs the initial
message m

t(0)
i ∈ Rd, denoted as round 0. It serves as the raw input to the

subsequent communication protocol. Formally, we may write[
f t
i , m

t(0)
i

]
= Encoder

(
Attn(oti)

)
where Attn denotes the self-attention and Encoder denotes the MLP.
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Figure 4: Design for com-
munication protocol.

Next, the communication block (colored red in Figure 2 and detailed in
Figure 4) is implemented with attention mechanisms to select neighbors and
refine their messages in one go adaptively. Each agent’s feature f t

i is fed
into an additive-attention and GumbelSoftmax block to produce a discrete
adjacency mask, as communication graph Gt. This is a relationship graph
that guides a Transformer block that performs L rounds of attention-based
message aggregation and refinement, mapping the initial message m

t(0)
i

directly to the final message mt
i. This design allows the communication

block to serve directly as a protocol for inter-agent coordination.

Lastly, the previously produced vectors, e.g., communication message mt
i and intermediate embedding

f t
i , are used as input to policy and value function networks. We design a policy network ϕi and the

value function network θi as a feed-forward layer. Herein, a policy network is set in a stochastic form.
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<latexit sha1_base64="7CtTe2IMdmHW5mYomI3bb3N6bGA=">AAAB9HicbVBNSwMxEM3Wr1q/qh69BIvgqeyKVI9FLx4r2A9o15JNs21okl2T2UJZ9nd48aCIV3+MN/+NabsHbX0w8Hhvhpl5QSy4Adf9dgpr6xubW8Xt0s7u3v5B+fCoZaJEU9akkYh0JyCGCa5YEzgI1ok1IzIQrB2Mb2d+e8K04ZF6gGnMfEmGioecErCS3xsRSFOZZX3+CP1yxa26c+BV4uWkgnI0+uWv3iCiiWQKqCDGdD03Bj8lGjgVLCv1EsNiQsdkyLqWKiKZ8dP50Rk+s8oAh5G2pQDP1d8TKZHGTGVgOyWBkVn2ZuJ/XjeB8NpPuYoTYIouFoWJwBDhWQJ4wDWjIKaWEKq5vRXTEdGEgs2pZEPwll9eJa2Lqler1u4vK/WbPI4iOkGn6Bx56ArV0R1qoCai6Ak9o1f05kycF+fd+Vi0Fpx85hj9gfP5A38Qkpc=</latexit>

m̂t
i

<latexit sha1_base64="oGBj9MUxOk6wzu25lfDo0WRn+oU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdDqnhUijuo0DJ26nmNA4lb4Wj25nfeuLaiEQ94DjlQUwHSkSCUbSSHz9iT/TKFbfqzkFWiZeTCuRo9Mpf3X7CspgrZJIa0/HcFIMJ1SiY5NNSNzM8pWxEB7xjqaIxN8FkfuyUnFmlT6JE21JI5urviQmNjRnHoe2MKQ7NsjcT//M6GUbXwUSoNEOu2GJRlEmCCZl9TvpCc4ZybAllWthbCRtSTRnafEo2BG/55VXSvKh6tWrt/rJSv8njKMIJnMI5eHAFdbiDBvjAQMAzvMKbo5wX5935WLQWnHzmGP7A+fwB3mWOvg==</latexit>

mt
i

Interaction- 
World Latent

<latexit sha1_base64="rKHKX/AD2P6Vz/eWzqF/VU6TZvY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGC/YA2ls120y7dbMLuRKihv8GLB0W8+oO8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKzucZxwP6IDJULBKFqp8dQTD9grld2KOwNZJl5OypCj3it9dfsxSyOukElqTMdzE/QzqlEwySfFbmp4QtmIDnjHUkUjbvxsduyEnFqlT8JY21JIZurviYxGxoyjwHZGFIdm0ZuK/3mdFMMrPxMqSZErNl8UppJgTKafk77QnKEcW0KZFvZWwoZUU4Y2n6INwVt8eZk0zytetVK9uyjXrvM4CnAMJ3AGHlxCDW6hDg1gIOAZXuHNUc6L8+58zFtXnHzmCP7A+fwB8jmOyw==</latexit>

zt
i

<latexit sha1_base64="czMz9hftE39zLG02Q2NCmPljK6M=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0sWy2m3bpZhN2J0IJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilbm9EMTPTR+yLfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/OTp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMy+58MhOYM5cQSyrSwtxI2opoytCmVbAje8surpHVR9WrV2v1lpX6Tx1GEEziFc/DgCupwBw1oAoMYnuEV3hx0Xpx352PRWnDymWP4A+fzB7wHkZE=</latexit>

ŝt
i

<latexit sha1_base64="LwiCxZEDTBon2GYD1nVq0+9j8EY=">AAACBHicjVBNS8NAEN34WetX1GMvi0XwVBKR6rGoB48V7Ae0IWw2k3bpZjfsboQSevDiX/HiQRGv/ghv/huTtoKKgg8GHu/NMDMvSDjTxnHerYXFpeWV1dJaeX1jc2vb3tlta5kqCi0quVTdgGjgTEDLMMOhmyggccChE4zOC79zA0ozKa7NOAEvJgPBIkaJySXfrvRjYoYqzi6AyhDUxP8UOhPfrro1Zwr8N6miOZq+/dYPJU1jEIZyonXPdRLjZUQZRjlMyv1UQ0LoiAygl1NBYtBeNn1igg9yJcSRVHkJg6fq14mMxFqP4yDvLC7UP71C/M3rpSY69TImktSAoLNFUcqxkbhIBIdMATV8nBNCFctvxXRIFKEmz638vxDaRzW3XqtfHVcbZ/M4SqiC9tEhctEJaqBL1EQtRNEtukeP6Mm6sx6sZ+tl1rpgzWf20DdYrx/pCZjt</latexit>

DecoderW
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<latexit sha1_base64="bYXB0EH+xkJl/aGCx8yrLModdn0=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdDqnhUijuo0DJ26nmNA4lb4Wj25nfeuLaiEQ94DjlQUwHSkSCUbSSb3riEXvlilt15yCrxMtJBXI0euWvbj9hWcwVMkmN6XhuisGEahRM8mmpmxmeUjaiA96xVNGYm2AyP3ZKzqzSJ1GibSkkc/X3xITGxozj0HbGFIdm2ZuJ/3mdDKPrYCJUmiFXbLEoyiTBhMw+J32hOUM5toQyLeythA2ppgxtPiUbgrf88ippXlS9WrV2f1mp3+RxFOEETuEcPLiCOtxBA3xgIOAZXuHNUc6L8+58LFoLTj5zDH/gfP4A54GOxA==</latexit>

st
i

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · · <latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

<latexit sha1_base64="fQSaXlONWghh2v0uDRJJWd4TxBI=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdDqnhUijuo0DJ26nmNA4lb4Wj25nfeuLaiEQ94DjlQUwHSkSCUbSSTx+xJ3rlilt15yCrxMtJBXI0euWvbj9hWcwVMkmN6XhuisGEahRM8mmpmxmeUjaiA96xVNGYm2AyP3ZKzqzSJ1GibSkkc/X3xITGxozj0HbGFIdm2ZuJ/3mdDKPrYCJUmiFXbLEoyiTBhMw+J32hOUM5toQyLeythA2ppgxtPiUbgrf88ippXlS9WrV2f1mp3+RxFOEETuEcPLiCOtxBA3xgIOAZXuHNUc6L8+58LFoLTj5zDH/gfP4AzAWOsg==</latexit>

at
i

Privileged inform
ation

Complete sensory data 
Local observation 
Ego agent’s last action 
Other’s velocities 
Other’s positions 
Other’s latitude 
Other’s heading 
Other’s last action

<latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · · <latexit sha1_base64="r8W2eYnoFQcqPN4bL6QPXfDdmDA=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi1WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16q1+8tK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALHpjzo=</latexit>· · ·

<latexit sha1_base64="26FoEZo/d1yOcdg9gC3DHhxHCMQ=">AAACEXicjVC7SgNBFJ2NrxhfUUubwSCkCrsi0TIYBMsI5gFJCLOTSTJkHsvMXTEsySfY+Cs2ForY2tn5N04ehYqCBwYu55zLuXPCSHALvv/hpZaWV1bX0uuZjc2t7Z3s7l7N6thQVqVaaNMIiWWCK1YFDoI1IsOIDAWrh8PyVK/fMGO5Vtcwilhbkr7iPU4JOKqTzbckgYGRycWti6McJmUtZawWhknFaNAuZtzJ5oKCPwP+e8ihBSqd7Hurq2ksmQIqiLXNwI+gnRADnAo2zrRiyyJCh6TPmm5URDLbTmY/GuMjx3RxTxv3FOAZ+3UjIdLakQydc3q//alNyd+0Zgy9s3bCVRQDU3Qe1IsFBo2n9eAuN4yCGLmBUMPdrZgOiCEUXImZ/5VQOy4ExULx6iRXOl/UkUYH6BDlUYBOUQldogqqIoru0AN6Qs/evffovXivc2vKW+zso2/w3j4BBIGfDA==</latexit>

Explicit Communication Protocol
<latexit sha1_base64="26FoEZo/d1yOcdg9gC3DHhxHCMQ=">AAACEXicjVC7SgNBFJ2NrxhfUUubwSCkCrsi0TIYBMsI5gFJCLOTSTJkHsvMXTEsySfY+Cs2ForY2tn5N04ehYqCBwYu55zLuXPCSHALvv/hpZaWV1bX0uuZjc2t7Z3s7l7N6thQVqVaaNMIiWWCK1YFDoI1IsOIDAWrh8PyVK/fMGO5Vtcwilhbkr7iPU4JOKqTzbckgYGRycWti6McJmUtZawWhknFaNAuZtzJ5oKCPwP+e8ihBSqd7Hurq2ksmQIqiLXNwI+gnRADnAo2zrRiyyJCh6TPmm5URDLbTmY/GuMjx3RxTxv3FOAZ+3UjIdLakQydc3q//alNyd+0Zgy9s3bCVRQDU3Qe1IsFBo2n9eAuN4yCGLmBUMPdrZgOiCEUXImZ/5VQOy4ExULx6iRXOl/UkUYH6BDlUYBOUQldogqqIoru0AN6Qs/evffovXivc2vKW+zso2/w3j4BBIGfDA==</latexit>

Explicit Communication Protocol

Interaction- 
World Latent

<latexit sha1_base64="rKHKX/AD2P6Vz/eWzqF/VU6TZvY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rGC/YA2ls120y7dbMLuRKihv8GLB0W8+oO8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKzucZxwP6IDJULBKFqp8dQTD9grld2KOwNZJl5OypCj3it9dfsxSyOukElqTMdzE/QzqlEwySfFbmp4QtmIDnjHUkUjbvxsduyEnFqlT8JY21JIZurviYxGxoyjwHZGFIdm0ZuK/3mdFMMrPxMqSZErNl8UppJgTKafk77QnKEcW0KZFvZWwoZUU4Y2n6INwVt8eZk0zytetVK9uyjXrvM4CnAMJ3AGHlxCDW6hDg1gIOAZXuHNUc6L8+58zFtXnHzmCP7A+fwB8jmOyw==</latexit>

zt
i

Policy

<latexit sha1_base64="fQSaXlONWghh2v0uDRJJWd4TxBI=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdDqnhUijuo0DJ26nmNA4lb4Wj25nfeuLaiEQ94DjlQUwHSkSCUbSSTx+xJ3rlilt15yCrxMtJBXI0euWvbj9hWcwVMkmN6XhuisGEahRM8mmpmxmeUjaiA96xVNGYm2AyP3ZKzqzSJ1GibSkkc/X3xITGxozj0HbGFIdm2ZuJ/3mdDKPrYCJUmiFXbLEoyiTBhMw+J32hOUM5toQyLeythA2ppgxtPiUbgrf88ippXlS9WrV2f1mp3+RxFOEETuEcPLiCOtxBA3xgIOAZXuHNUc6L8+58LFoLTj5zDH/gfP4AzAWOsg==</latexit>

at
i

<latexit sha1_base64="czMz9hftE39zLG02Q2NCmPljK6M=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0sWy2m3bpZhN2J0IJ/RlePCji1V/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilbm9EMTPTR+yLfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/OTp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMy+58MhOYM5cQSyrSwtxI2opoytCmVbAje8surpHVR9WrV2v1lpX6Tx1GEEziFc/DgCupwBw1oAoMYnuEV3hx0Xpx352PRWnDymWP4A+fzB7wHkZE=</latexit>

ŝt
i

<latexit sha1_base64="LwiCxZEDTBon2GYD1nVq0+9j8EY=">AAACBHicjVBNS8NAEN34WetX1GMvi0XwVBKR6rGoB48V7Ae0IWw2k3bpZjfsboQSevDiX/HiQRGv/ghv/huTtoKKgg8GHu/NMDMvSDjTxnHerYXFpeWV1dJaeX1jc2vb3tlta5kqCi0quVTdgGjgTEDLMMOhmyggccChE4zOC79zA0ozKa7NOAEvJgPBIkaJySXfrvRjYoYqzi6AyhDUxP8UOhPfrro1Zwr8N6miOZq+/dYPJU1jEIZyonXPdRLjZUQZRjlMyv1UQ0LoiAygl1NBYtBeNn1igg9yJcSRVHkJg6fq14mMxFqP4yDvLC7UP71C/M3rpSY69TImktSAoLNFUcqxkbhIBIdMATV8nBNCFctvxXRIFKEmz638vxDaRzW3XqtfHVcbZ/M4SqiC9tEhctEJaqBL1EQtRNEtukeP6Mm6sx6sZ+tl1rpgzWf20DdYrx/pCZjt</latexit>

DecoderW

<latexit sha1_base64="bYXB0EH+xkJl/aGCx8yrLModdn0=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48VTFtoY9lsN+3SzSbsToRS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdDqnhUijuo0DJ26nmNA4lb4Wj25nfeuLaiEQ94DjlQUwHSkSCUbSSb3riEXvlilt15yCrxMtJBXI0euWvbj9hWcwVMkmN6XhuisGEahRM8mmpmxmeUjaiA96xVNGYm2AyP3ZKzqzSJ1GibSkkc/X3xITGxozj0HbGFIdm2ZuJ/3mdDKPrYCJUmiFXbLEoyiTBhMw+J32hOUM5toQyLeythA2ppgxtPiUbgrf88ippXlS9WrV2f1mp3+RxFOEETuEcPLiCOtxBA3xgIOAZXuHNUc6L8+58LFoLTj5zDH/gfP4A54GOxA==</latexit>

st
i

Explicit Interaction-World Latent Trainer
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Privileged inform
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Complete sensory data 
Local observation 
Ego agent’s last action 
Other’s velocities 
Other’s positions 
Other’s latitude 
Other’s heading 
Other’s last action
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<latexit sha1_base64="pslAUGECLf0IIDlcOyBqS8bprKI=">AAACA3icbZDLSsNAFIYn9VbrLepON4NFcBUSCbXdFd24cFHBXqANYTKZtEMnF2YmQgkBN76KGxeKuPUl3Pk2TtIutPrDwMd/zmHO+b2EUSFN80urrKyurW9UN2tb2zu7e/r+QU/EKceki2MW84GHBGE0Il1JJSODhBMUeoz0velVUe/fEy5oHN3JWUKcEI0jGlCMpLJc/WgUIjnBiGU3uVsyD7N+zJmfu3rdNJotu9WwoGnYLatpF2CWgtYC6mChjqt/jvwYpyGJJGZIiKFlJtLJEJcUM5LXRqkgCcJTNCZDhREKiXCy8oYcnirHh0HM1YskLN2fExkKhZiFnuosthTLtcL8rzZMZdB0MholqSQRnn8UpAzKGBaBQJ9ygiWbKUCYU7UrxBPEEZYqtpoKwVo++S/0zg2rYTRu7Xr7chFHFRyDE3AGLHAB2uAadEAXYPAAnsALeNUetWftTXuft1a0xcwh+CXt4xt0w5i4</latexit>LWorld
<latexit sha1_base64="vzmJ4kYdnZEzzg96BV1HYaEIYTc=">AAACCXicbZC7SgNBFIZn4y3G26qlzWAQrMKuhJh0QRsFiwjmAskSZicnyeDs7DIzGwhLWhtfxcZCEVvfwM63cTbZQqM/DHz85xzmnN+POFPacb6s3Mrq2vpGfrOwtb2zu2fvH7RUGEsKTRryUHZ8ooAzAU3NNIdOJIEEPoe2f3+Z1tsTkIqF4k5PI/ACMhJsyCjRxurbuBcQPaaEJzez/pxlkFwLDZJQzSYw69tFp1StlWsVFzulcs2tllNw5sJuBkWUqdG3P3uDkMYBCE05UarrOpH2EiI1oxxmhV6sICL0noyga1CQAJSXzC+Z4RPjDPAwlOYJjefuz4mEBEpNA990pruq5Vpq/lfrxnpY9RImoliDoIuPhjHHOsRpLHjAJFDNpwYIlczsiumYpCGY8AomBHf55L/QOiu5lVLltlysX2Rx5NEROkanyEXnqI6uUAM1EUUP6Am9oFfr0Xq23qz3RWvOymYO0S9ZH99U8Ztq</latexit>LInteractive
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DecoderI

Interaction-
World Encoder

Figure 5: Diagram for interaction-world Latent Modeling. Solid and dotted lines denote forward and
backward processes. The orange line implies only work in training. (Left) Im-IWoL uses the world and
interactive decoder to reconstruct the privileged state and communication message m̂t

i = DecoderI
(
zti
)
. (Right)

Ex-IWoL sets the latent to the message vector zti = mt
i, and then uses the world decoder to reconstruct the

privileged state ŝti = DecoderW
(
zti
)
, thereby encouraging zti to embed the global information sti .

Graph-attention Communication Protocol. Our communication protocol constructs
the communication graph at each timestep in two stages. First, we obtain a learned
adjacency graph Gt

c using additive attention with Gumbel-Softmax as follows:
{gtc,ij}Ii,j=1 = GumbelSoftmax

(
AddAtt

(
{f t

k}Ik=1

))
where AddAtt(·) = (agg)

⊤[Wggfi ∥Wggfj
]
,

agg is attention coefficient, and Wgg is a learned weight matrix, respectively. Second, we
build a physical mask Gt

p to enforces spatial communication constraints for practicality
gtp,ij = 1(||xt

i − xt
j || ≤ dcomm), where 1(·) is an indicator function, xi represents the position of

agent i, and dcomm denotes a maximum allowed communication distance. The final communication
graph is then obtained as an element-wise product Gt = Gt

c ⊙Gt
p, ensuring that only edges that are

semantically relevant and physically feasible remain active.

Next, a Transformer block performs L rounds of attention-based message propagation over Gt. Each
round refines the intermediate messages m

t(l)
i by aggregating information from their neighbors.

After L iterations, the final message mt
i = m

t(L−1)
i represents the agent’s interaction information,

encoding relational cues among agents.

Interaction-world Latent Modeling. Figure 5 visualizes an overview diagram about how to model
IWoL explicitly and implicitly. Our goal is to build an interaction-world latent zti that captures
inter-agent relationships and privileged world information for efficient multi-agent coordination. For
this, the implicit IWoL (Im-IWoL) variant includes the following three modules.

zti = EncoderIW(f t
i )︸ ︷︷ ︸

Interaction−World Encoder

m̂t
i = DecoderI(z

t
i)︸ ︷︷ ︸

Interaction Decoder

ŝti = DecoderW(zti)︸ ︷︷ ︸
World Decoder

The world decoder reconstructs the agent’s privileged state sti,
1 encouraging zti to embed task-specific

global signals beyond local observation, whereas the interactive decoder reconstructs communication
messages mt

i, forcing zti to preserve inter-agent dependencies.

For the implementation of the explicit IWoL (Ex-IWoL), we eliminate the interaction-world encoder
EncoderIW and instead reuse the explicit message emitted by the communication module itself,
zti = mt

i, so we only use the world decoder DecoderW for training. While this design simplifies the
latent construction and leverages explicit communication, Im-IWoL instead learns a representation
from raw observations, which can easily capture more integrated interaction and world features.

Remark: Compatibility of IWoL’s latent representation with two communication variants

In basic, IWoL is implemented as an implicit mode that only routes mt
i to the value network,

not the policy network. Explicit communication mode routes mt
i to policy and value networks.

The policy has direct access to relational signals between agents in the execution phase, while
the value network uses the same structure to assign more accurate credit during training.

1The privileged state refers to task-specific information available only during training, such as proprioceptive
information, other agents’ complete internal states, and underlying physical parameters. Please see Appendix E.
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(b) Parking lot(a) Intersection (e) Two Hand Underarm(c) Open Door Outward (d) Open Bottle Cap

(f) Navigation (g) Material Transport (h) Go1Gate (j) Go1Seesaw(i) Go1Sheep-Hard

Figure 6: Visualization of the experimental scenarios where we evaluate IWoL. The top row contains
MetaDrive (a-b) and Bi-DexHands environments (c-e), and the bottom row includes Robotarium (f-g) and
multiagent-quadruped-environments (h-j).

4.3 TRAINING

Objective Function for Policy Training of IWoL. To extract a policy, both variants of IWoL can be
optimized in an end-to-end manner with a composite objective function as follows:

LIm
π (ϕi) = LRL

π (ϕi) + λWLW + λILI︸ ︷︷ ︸
Implicit Variants Objective

and LEx
π (ϕi) = LRL

π (ϕi) + λWLW︸ ︷︷ ︸
Explicit Variants Objective

, (3)

where individual terms reflect distinct training signals.

RL policy objective LRL
π (ϕi) simply follows equation 1. World reconstruction objective LW encour-

ages latent zti (or mt
i in the explicit variant) to capture the privileged state sti that is only available

during training; and communication message reconstruction objective LI asks the interactive decoder
to reproduce the original communication message.

LW =
∥∥DecoderW(zti)− sti

∥∥2
2

and LI =
∥∥DecoderI(z

t
i)−mt

i

∥∥2
2

The coefficients λs and λm balance auxiliary supervision against the RL signal, then we set λs>0
in both modes but choose λm=0 for the explicit variant. We provide a pseudocode for the training
algorithm and training details in the Appendix C.

5 EXPERIMENTS

In the following subsection, we introduce a suite of experiments designed to rigorously validate the
efficacy of IWoL as a MARL framework. Specifically, our experiments will employ four multi-agent
robotic tasks, selected to elucidate the five research questions. For our experiments, although we use
shared or privileged information in training across all algorithms, this experimental setup is not fully
observable since the input of the policy is directly limited. Please see the Appendix E and F for the
experimental setup, detailed description of tasks, and additional empirical results, including ablations.

5.1 ENVIRONMENTAL SETUPS

We evaluate the proposed solution, Ex-IWoL and Im-IWoL, across four MARL environments:
MetaDrive (Li et al., 2022b), Robotarium (Pickem et al., 2017), Bi-DexHands (Chen et al., 2022),
and multiagent-quadruped-environments (MQE) (Xiong et al., 2024), visualized in Figure 6.

MetaDrive is a lightweight, large-scale simulator that features realistic traffic scenarios such as
intersections and parking lots where multiple autonomous vehicles must coordinate to avoid collisions
and reach their destinations. Since all ego agents have limited observability, this environment provides
a strong benchmark for testing how well MARL methods enable communication for multi-agent
coordination in dense traffic systems. We train each model under 1M timesteps.

Robotarium is a remotely accessible multi-robot testbed, used to evaluate physical coordination in
real-world swarm robotics settings. We consider two tasks: simple navigation and material transport,
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Table 1: Performance evaluation. We present a performance comparison across 10 tasks with four environments.
These results are averaged over 4 seeds, and we report the two standard deviations after the ± sign. We highlight
the best performance in bold and the second best in underlined . Note that if no I is specified, I = 2.
Basically, all tasks within the same testbed are ordered according to difficulty.

Scenarios Metrics MARL Baselines Proposed

MAPPO MAT MAGIC CommFormer Ex-IWoL Im-IWoL

M
et

aD
ri

ve

Intersection
(I = 8)

Rewards 454.8 ±70.2 500.3 ±279.4 518.3 ±77.4 399.0 ±21.6 660.3 ±33.2 650.1 ±35.8

Success (%) 97.7 ±2.3 84.2 ±29.5 96.3 ±2.3 12.4 ±10.3 98.3 ±3.8 97.1 ±3.0

Safety (%) 94.8 ±5.2 76.0 ±35.4 99.1 ±0.9 9.6 ±4.8 98.3 ±3.8 97.1 ±3.0

Parking lot
(I = 5)

Rewards 327.4 ±211.7 605.8 ±163.4 371.2 ±14.3 527.6 ±195.6 619.7±79.6 808.6 ±51.0

Success (%) 30.3 ±15.9 55.3 ±15.3 26.2 ±3.7 43.9 ±12.5 54.1±8.8 63.7±9.8

Safety (%) 33.8 ±11.3 54.8 ±15.0 29.8 ±2.2 40.0±14.6 53.7±8.8 63.6±9.8

Average rewards 391.1 553.1 444.8 463.3 640.0 729.4

R
ob

ot
ar

iu
m Navigation

(I = 4)
Rewards −4.1 ±0.3 −4.2 ±0.3 −4.2 ±0.4 −4.0 ±0.2 −3.7±0.9 −3.5±0.4

Safety (%) 100.0 ±0.0 100.0 ±0.0 100.0 ±0.0 100.0 ±0.0 100.0±0.0 100.0±0.0

Material
transport
(I = 4)

Rewards 2.7 ±0.8 3.11 ±1.2 2.6 ±0.2 1.2 ±2.2 3.6±0.1 3.8±0.1

Safety (%) 96.1 ±3.9 100.0 ±0.00 99.5 ±0.05 100.0 ±0.00 100.0±0.0 100.0±0.0

Left materials 18.3 ±7.9 12.4 ±10.8 28.6 ±18.4 27.4 ±11.0 4.7±6.0 5.0±5.0

Average rewards −0.7 −0.5 −0.8 −1.4 −0.05 0.15

M
ul

ti
Q

ua
dr

up
ed

s

Go1Gate Rewards 191.6±385.2 270.8±544.5 610.6±815.7 −5.4±7.9 1570.2±247.8 1390.4±244.6

Success (%) 21.7±34.9 23.5±43.0 57.2±49.9 0.4±0.8 99.3±1.4 96.4±3.6

Go1Sheep
Hard

Rewards 1357.5±141.0 2834.9±1552.8 1284.9±10.2 1233.2±55.1 3340.9±506.3 6043.1±76.9

Success (%) 0.0±0.0 16.8±0.0 0.0±0.0 0.0±0.0 23.1±13.5 48.2±2.4

Go1Seesaw Rewards 4.3±13.2 56.0±24.2 79.7±52.7 −37.6±5.1 84.1±51.0 114.1±41.4

Success (%) 0.0±0.0 1.7±2.8 3.6±7.0 0.0±0.0 6.8±5.9 15.3±7.8

Average rewards 517.8 1053.9 658.4 437.3 1665.1 2515.9

B
i-D

ex
H

an
ds

Door Open
Outward

Rewards 606.0±23.3 18.8±27.2 617.2±14.7 447.6±76.8 620.1±3.8 623.5±7.5

Success (%) 57.5±42.7 15.0±17.3 85.0±8.2 65.0±20.8 92.5±5.0 95.0±5.8

Open
Bottle Cap

Rewards 385.8±48.8 164.6±61.9 383.1±111.7 401.7±103.1 471.9±62.7 502.9±47.8

Success (%) 17.5±20.6 7.5±9.6 42.5±20.6 50.0±12.9 62.5±17.1 70.0±11.5

Two Catch
Underarm

Rewards 2.4±1.0 9.7±5.2 19.6±4.7 16.3±10.1 31.6±3.0 33.9±5.1

Success (%) 0.0±0.0 0.0±0.0 5.0±5.8 2.5±5.0 12.5±5.0 20.0±12.9

Average rewards 331.4 64.4 340.0 285.5 374.5 386.8

each requiring multiple robots to share local information and synchronize movement to avoid obstacles
and reach common goals. Specifically, this environment tests cooperation and coordination ability
through only inter-agent communication since ego agents do not use local perception devices (e.g.,
camera or LiDAR). We set 0.5M training timesteps.

MQE is based on Isaac Gym (Makoviychuk et al., 2021) that supports multi-agent tasks for
quadrupedal robots. It includes cooperative tasks (e.g., Narrow Gate, Seesaw, and Shepherding
Sheep) where Unitree Go1 robots must coordinate to manipulate objects or navigate shared terrain.
Agents operate under a hierarchical policy framework where high-level commands are issued over
pre-trained low-level locomotion policies, allowing researchers to isolate the effect of coordinated
planning and locomotion. For this task, evaluation is performed based on goal completion and
auxiliary criteria such as safety and efficiency. We set 10M training timesteps.

Bi-DexHands is a heterogeneous robotic manipulation and cooperation simulation built on Isaac
Gym. Specifically, it is a multi-agent dexterous manipulation testbed, featuring two robotic Shadow
Hands, each with 24 degrees of freedom (DoF), enabling precise bimanual coordination. Tasks, two
catch underarms, open door outward, and open bottle cap, require communication and contact-rich
interactions between the two hands. We set the training period as 10M, and its success rate is
measured by a 10% unit (i.e., 0%, 10%, · · · , 90%, 100%).

Baselines. To comprehensively evaluate the performance of IWoL, we benchmark it against four
established on-policy MARL algorithms. For on-policy, model-free methods, we include MAPPO (Yu
et al., 2022a), which employs a centralized critic to address non-stationarity by leveraging global
state information during training, while utilizing decentralized actors for execution. Furthermore, we
consider MAT (Wen et al., 2022), which frames MARL as a sequence modeling problem, employing
Transformer networks for both actors and critics. For communication-based MARL approaches,
we assess MAGIC (Niu et al., 2021), which integrates a scheduler composed of a graph-attention
encoder and a differentiable hard attention mechanism to dynamically determine communication
timing and targets, alongside a message processor utilizing GATs (Veličković et al., 2018) to handle
inter-agent messages efficiently. Furthermore, we evaluate the CommFormer (Hu et al., 2024b),
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which conceptualizes the inter-agent communication architecture as a learnable graph, enabling
adaptive and efficient information exchange among agents.

In our experiments, we employ four random seeds and represent 95% confidence intervals with
shaded regions in figures or standard deviations in tables, unless otherwise stated. All evaluations
are performed under decentralized, partially observable, and goal-conditioned conditions, offering a
comprehensive benchmark to evaluate how well the MARL algorithm enables scalable and adaptive
coordination in diverse scenarios with different physical and strategic complexities.

5.2 EXPERIMENTAL RESULTS AND RESEARCH Q&A

RQ1. How good is IWoL for MARL, compared to previous methods?
A: IWoL variations achieve the best or second-best performance and success rate on most tasks.

Table 1 summarizes the aggregated experimental results for the 10 MARL benchmarks. We find
that IWoL empirically outperforms prior MARL baselines. Surprisingly, Im-IWoL achieves the top
score in 7 out of 10 tasks, with Ex-IWoL taking second in those; conversely, Ex-IWoL tops the
remaining 3 tasks, with Im-IWoL finishing second, that is, together the two IWoL variants occupy
the winner and runner-up in every task. We conjecture that the superiority of Im-IWoL arises not
from communication efficiency itself, but from the jointly learned world encoding enabled. On the
other hand, Ex-IWoL cannot replicate due to its reliance on explicit messages rather than learned
latent structure. On average, Im-IWoL outperforms the strongest baseline by +176.3 points on
MetaDrive and improves the Robotarium average reward from −0.5 to +0.15. In particular, our
approach achieves up to 48.2% and 20.0% in MQE and Bi-DexHands, where previous baselines
record near-zero success in three tasks (Go1Sheep, Go1Seesaw, and Two Catch Underarm). These
results demonstrate that IWoL not only excels in standard MARL benchmarks but also effectively
handles robotic manipulation tasks where existing MARL baselines fail.

RQ2. Can IWoL maintain coordination performance under incomplete observations?

Detectable 4 agents (100%) Detectable 2 agents (50%) Detectable 0 agents (0%)

Figure 7: Performance according to level of incomplete observations. This presents the success rate and
accumulated rewards as the number of detectable agents for the ego agent decreases in Parking Lot. This learning
curve is plotted with the running average technique to differentiate baselines through a smoother line.

A: IWoL framework shows higher robustness than other baselines under incomplete observation scenarios.

In Figure 7, we present the success rate and accumulated reward as the number of detectable agents
decreases. Such an experimental setup, as a communication-starved setting, is appropriate to study
how well the proposed solution ensures robustness compared to baselines. This result demonstrates
that both variants of IWoL maintain a clear margin over all baselines without severe drops in
performance. Surprisingly, Im-IWoL always achieves above or about 50% of success rate and
small drops with 0 detectable agents, whereas CommFormer and MAT lose roughly twice as much.
Additionally, Ex-IWoL leverages explicit message encoding, yielding slightly faster gains, whereas
Im-IWoL’s implicit latent construction delivers superior asymptotic performance.
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RQ3. How effective is the world representation for the proposed and baseline solutions?

Algorithms Ablation types

Algorithms Ablation types

Figure 8: Ablation study for world representation with DecoderW. The colored and dashed boxes indicate
when there is no DecoderW for world representation and when there is , respectively; that is, the colored
performance is original for MAGIC and CommFormer, and the dashed performance is original for IWoL. For
the Material Transport task, we use inverted metrics (right y-axis) for readability.
A: World representation yields a noticeable performance gain for communication MARL solutions,
and the Transformer-based communication module is competitive with other baselines on itself.

Figure 8 shows the ablation results of the world representation across communication-based MARL
algorithms, that is, whether DecoderW is used during training. First, comparing IWoL variants
with other baselines, we can see that it is competitive even without world representation embedding.
This result implies that our Transformer-based communication protocol is powerful compared to
other explicit communication baselines. Next, juxtaposing w/DecoderW and w/oDecoderW , we
confirm that variants achieve better performances in most tasks and algorithms. Such empirical
results directly demonstrate how effective and beneficial the world representation is for MARL
training. Note that IWoL without its communication protocol and world latent is MAPPO.

RQ4. Can IWoL maintain its performance as well in a large multi-agent system?

Table 2: Scalability test. We provide a success rate according to the number of agents in Intersection.
Success rate according to # of agents Baselines

Algorithm 4 8 16 32 48 # of agents MAPPO MAGIC

Im-IWoL 99.5%±0.5 97.1%±3.0 95.2%±9.8 92.8%±16.5 86.6%±19.7 |I| = 4 98.5 ±3.5 99.5±0.5

Ex-IWoL 99.1%±1.0 98.3%±3.8 98.0%±11.2 95.5%±19.0 91.0%±28.1 |I| = 48 33.5 ±36.5 75.0±30.4

A: IWoL can maintain coordination performance decently as the agent population increases.

Table 2 reveals that coordination remains with good success rate with four agents, 99.5% for
Im-IWoL, 99.1% for Ex-IWoL, and only marginally degrades as the team size doubles repeat-
edly, success stays above 95% up to 16 agents and above 92% (Im) / 95% (Ex) even at 32 agents.
Remarkably, with 48 agents, Ex-IWoL still solves 91.0% of instances and Im-IWoL maintains
86.6%. In contrast, baselines suffer from a substantial performance drop from 4 to 48 agents. These
observations confirm that IWoL has the potential to be adopted in large-scale MARL.

RQ5. Is Im-IWoL superior to the previous implicit communication branches?

Table 3: Performance comparison with ICP. We evaluate the performance of ICP across three variants.
Scenarios Metrics ICP-Dec ICP-Sum ICP-Monotonic Im-IWoL

Parking Lot Rewards 227.5±30.6 289.5±116.7 391.6±236.2 808.6±51.0

Succ. Rate (%) 15.7±5.3 20.6±8.4 35.6±18.0 63.7±9.8

Go1Gate Rewards 130.7±91.0 783.3±495.1 710.9±538.2 1390.4±244.6

Succ. Rate (%) 5.8±6.6 70.5±15.5 67.8±22.0 96.4±3.6

Door Open Outward Rewards 178.2±30.1 495.5±25.8 518.6±31.0 623.5±7.5

Succ. Rate (%) 7.5±9.6 52.5±12.6 45.0±14.1 95.0±5.8

A: Although such a claim is not our focus, Im-IWoL outperforms the previous implicit method.

Table 3 demonstrates that our solution yields substantially higher rewards and success rates across
all scenarios. Herein, ICP (Wang et al., 2025) works like inverse modeling, agents use predefined
‘scouting’ actions to encode messages and recover them by inverse mapping under ideal broadcast
and decoding assumptions. In contrast, Im-IWoL learns the interaction-world representation using
a communication module during training, fusing privileged state and inter-agent relations. At
deployment, Im-IWoL does not need additional modules, e.g., communication or inference model.
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Lastly, we would like to clarify that Im-IWoL is fundamentally different from previous branches;
in other words, this claim is not our focus and core in this work. See the Appendix B and F for an
extended literature survey of previous branches and experimental details.

6 CONCLUSION

This work presented IWoL, a unified representation-learning and communication framework for
cooperative MARL. This learns a compact latent that jointly captures inter-agent relations and
privileged task information through a representation-oriented communication protocol. Extensive
experiments show that IWoL variants attain best performance in 10 out of 10 robotic tasks.
Closing Remarks: One especially appealing property of IWoL is its versatility—allowing practi-
tioners to toggle between message-free (implicit) and message-rich (explicit) coordination without
additional modules. Given the notorious sensitivity of large-scale MARL, we believe that offering a
drop-in solution that is both efficient and simple is a timely contribution to the community.

FUTURE DIRECTIONS

Recently, generalizability has been a key challenge in the machine learning domain, and its promising
workaround is representation learning, achieving notable success in real-world applications, e.g.,
foundation and omni models (Black et al., 2024; Intelligence et al., 2025). For single-agent RL,
diverse representation learning methods have been introduced, e.g., successor features (Agarwal
et al., 2024; Sikchi et al., 2024; Barreto et al., 2017), forward-backward representations (Touati &
Ollivier, 2021; Touati et al., 2022), quasimetrics (Wang et al., 2023; Valieva & Banerjee, 2024),
bisimulation (Zhang et al., 2020; Kemertas & Aumentado-Armstrong, 2021; Hansen-Estruch et al.,
2022), temporal distance (Park et al., 2024; Bae et al., 2024; Lee & Kwon, 2025b), and contrastive
objectives (Zheng et al., 2023; Myers et al., 2024), each contributing to more generalizable RL agents.

Unlike the single-agent setting, where representations can be extracted from a fully observable
environment, extending this perspective to MARL is not a trivial problem. That is because MARL
requires handling diverse information such as inter-agent relationships, their role structures, and
shared world dynamics under a partially observable MDP. While some methods leverage one of these
aspects in isolation, there has been limited progress in integrating them into a unified representation
that captures the factors facilitating team coordination. Alternatively, to develop the generalizability,
ad-hoc teamwork (Wang et al., 2024a; Gu et al., 2022) and zero-shot adaptation (Jha et al., 2025)
have highlighted the importance of enabling agents to coordinate with previously unseen partners.
They suggest that increasing the diversity of self-play scenarios can improve agents’ adaptation and
generalization ability.

While our approach is not designed as a direct solution to these challenges, it provides a unified latent
representation that could support such functionalities. From this perspective, we envision several
meaningful directions for future research:

• How can we leverage a representation learning framework from a single-agent to a multi-
agent setting?

• Can we construct an omni-representation that jointly encodes diverse information in a
scalable manner?

• What information and mechanisms facilitate rapid role alignment and policy adaptation in
multi-agent dynamics?

In conclusion, this work is an initial step toward bridging representation learning and generalizable
multi-agent coordination, instead of attempting a definitive solution to these open challenges. Our
framework provides a foundation upon which future work can build more adaptive and versatile
strategies using a unified latent representation. Finally, we hope this perspective stimulates further
exploration into omni-representation and its role in enabling robust open-world multi-agent systems.
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Petar Veličković, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lio, and Yoshua
Bengio. Graph attention networks. ICLR, 2018.

Caroline Wang, Muhammad Arrasy Rahman, Ishan Durugkar, Elad Liebman, and Peter Stone.
N-agent ad hoc teamwork. NeurIPS, 2024a.

Han Wang, Binbin Chen, Tieying Zhang, and Baoxiang Wang. Learning to communicate through
implicit communication channels. In ICLR, 2024b.

Han Wang, Binbin Chen, Tieying Zhang, and Baoxiang Wang. Learning to construct implicit
communication channel. ICLR, 2025.

15



810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Tonghan Wang, Jianhao Wang, Chongyi Zheng, and Chongjie Zhang. Learning nearly decomposable
value functions via communication minimization. ICLR, 2020.

Tongzhou Wang, Antonio Torralba, Phillip Isola, and Amy Zhang. Optimal goal-reaching reinforce-
ment learning via quasimetric learning. In ICML, 2023.

Yuanfei Wang, Fangwei Zhong, Jing Xu, and Yizhou Wang. ToM2C: Target-oriented multi-agent
communication and cooperation with theory of mind. ICLR, 2022.

Zizhao Wang, Jiaheng Hu, Caleb Chuck, Stephen Chen, Roberto Martı́n-Martı́n, Amy Zhang, Scott
Niekum, and Peter Stone. SkiLD: Unsupervised skill discovery guided by factor interactions.
NeurIPS, 2024c.

Lawrence G Weiss, Thomas Oakland, and Glen P Aylward. Bayley-III clinical use and interpretation.
Academic Press, 2010.

Muning Wen, Jakub Kuba, Runji Lin, Weinan Zhang, Ying Wen, Jun Wang, and Yaodong Yang.
Multi-agent reinforcement learning is a sequence modeling problem. NeurIPS, 2022.

Annie Xie, Dylan Losey, Ryan Tolsma, Chelsea Finn, and Dorsa Sadigh. Learning latent representa-
tions to influence multi-agent interaction. In CoRL, 2021.

Ziyan Xiong, Bo Chen, Shiyu Huang, Wei-Wei Tu, Zhaofeng He, and Yang Gao. MQE: Unleashing
the power of interaction with multi-agent quadruped environment. In IROS, 2024.

Min Yang, Guanjun Liu, Ziyuan Zhou, and Jiacun Wang. Partially observable mean field multi-agent
reinforcement learning based on graph attention network for uav swarms. Drones, 7(7):476, 2023.

Chao Yu, Akash Velu, Eugene Vinitsky, Jiaxuan Gao, Yu Wang, Alexandre Bayen, and Yi Wu. The
surprising effectiveness of PPO in cooperative multi-agent games. NeurIPS, 2022a.

Xiaopeng Yu, Jiechuan Jiang, Wanpeng Zhang, Haobin Jiang, and Zongqing Lu. Model-based
opponent modeling. NeurIPS, 2022b.

Lei Yuan, Jianhao Wang, Fuxiang Zhang, Chenghe Wang, Zongzhang Zhang, Yang Yu, and Chongjie
Zhang. Multi-agent incentive communication via decentralized teammate modeling. In AAAI,
2022.

Lei Yuan, Ziqian Zhang, Lihe Li, Cong Guan, and Yang Yu. A survey of progress on cooperative
multi-agent reinforcement learning in open environment. arXiv preprint arXiv:2312.01058, 2023.

Amy Zhang, Rowan McAllister, Roberto Calandra, Yarin Gal, and Sergey Levine. Learning
invariant representations for reinforcement learning without reconstruction. arXiv preprint
arXiv:2006.10742, 2020.
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A MISCELLANEOUS

A.1 SUMMARY OF NOTATIONS

Dec-POMDP elements

Notation Description Notation Description
I agents set i agent index
I the number of agents γ ∈ [0, 1) discount factor
S state space st state
Oi observation space of agent i oti local observation of agent i
Ai action space of agent i ati action of agent i
T state transition model Ωi observation function of agent i
ri reward function for agent i Rt

i Return of agent i

Algorithm elements

Notation Description Notation Description

M0
i space of initialized messages Mi space of processed messages

m
t(0)
i initialized message from agent i mt

i final processed message for agent i
m

t(l)
i message for agent i at round l L total communication rounds
f t
i intermediate embedding of agent i gtij relationship between agents i and j

Gt topology graph agg weighting vector of the additive attention
zti interaction-world latent for agent i sti privileged state for agent i
m̂t

i reproduced message of agent i ŝti reproduced privileged state of agent i

RL Training

Notation Description Notation Description
ϕi policy parameters for agent i θ value function parameters
λW balancing coefficient for world latent loss λI balancing coefficient for interactive latent loss
ϵ clip coefficient of PPO loss δ threshold of Huber loss
K the number of updates T max steps of an episode
B batch size D online replay buffer
η learning rate

A.2 SYSTEM SPECIFICATION

CPU AMD EPYC 7713 64-Core

GPU RTX A6000 & A5000

Software CUDA: 11.8, cudnn: 8.7.0, python: 3.8

PyTorch 2.1.0 (MetaDrive), 2.0.1 (Robotarium), 2.4.1 (MQE and Bi-hand Dexterous)

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

B EXTENSIVE RELATED WORKS

B.1 USAGE DIFFERENCES OF TRANSFORMER IN MAT, COMMFORMER , AND IWOL

MAT (Wen et al., 2022) first formulates cooperative MARL as a sequence modeling problem, employ-
ing a full encoder–decoder Transformer to map a sequence of agents’ joint observations to a sequence
of optimal actions. The encoder uses stacked self-attention and MLP blocks to capture high-level
inter-agent dependencies, while the decoder generates each agent’s action auto-regressively under a
causal mask that restricts attention to preceding agents. This design yields linear complexity in the
number of agents and comes with a monotonic performance improvement guarantee.

CommFormer (Hu et al., 2024b) basically builds on MAT by explicitly learning a sparse commu-
nication graph. It introduces a learnable adjacency matrix and incorporates this graph both as an
explicit edge embedding in the attention score computation and as a hard mask to gate message
passing. Consequently, its Transformer encoder and decoder are conditioned on both causal order and
dynamic connectivity, enabling concurrent optimization of communication architecture and policy
parameters in an end-to-end fashion.

In IWoL, the Transformer block is repurposed exclusively as the communication processor, instead
of a policy or value function. After each agent’s local observation is encoded, a Graph-Attention
Transformer applies multi-head scaled dot-product attention over a communication graph to refine
interactive embeddings.

We summarize the usage differences of the Transformer in these methods as follows.

• MAT: Transformer serves as the joint policy network, with encoder–decoder modeling and
causal masking.

• CommFormer: Transformer integrated with a learnable, sparsity-controlled communication
graph to gate attention.

• IWoL: First work to design the communication processor itself as a graph-attention Trans-
former, combining attention-based message encoding.

B.2 IMPLICIT COMMUNICATION AS INVERSE MODELING

Implicit communication channel. A growing body of work has explored implicit coordination
without explicit messaging. For example, (Li et al., 2023) trains agents to gradually shift from using
explicit messages to purely tacit cooperation. Other approaches learn latent coordination through
structured interactions, such as inferring dynamic coordination graphs, or via environment-mediated
signaling (Li et al., 2021b). Notably, some methods endow agents with implicit communication
abilities by leveraging shared environment cues (Wang et al., 2024b; Shaw et al., 2022; Grupen
et al., 2022; Wang et al., 2025). However, these implicit communication frameworks typically lack a
dedicated learned messaging architecture and often focus on narrow aspects of coordination, which is
similar to inverse modeling through environmental to behavioral cues.

Machine theory of mind. Another line of research draws on cognitive reasoning (Baron, 1997;
Premack & Woodruff, 1978), where agents explicitly model each other’s beliefs, intentions, or roles.
For example, theory-of-mind (ToM) approaches have been combined with social incentives like guilt
aversion to encourage cooperation (Rabinowitz et al., 2018; Nguyen et al., 2020; Leroy et al., 2023).
Such agents maintain internal beliefs about what others will do and even what others believe they will
do, implementing recursive reasoning to adjust their policies (Wang et al., 2022; Oguntola et al., 2023;
Doshi et al., 2020). Similarly, brain-inspired ToM models use structured networks with dedicated
modules for perspective-taking, policy inference, and action prediction, that is, essentially mimicking
human mentalizing by explicitly predicting others’ observations and actions (Zhao et al., 2022).

Agent modeling and action prediction. A third branch of related work focuses on agents forecasting
or simulating their counterparts’ behavior to improve coordination (He et al., 2016; Yu et al., 2022b;
Ganzfried & Sandholm, 2011). Recent methods explicitly model other agents’ policies or future
actions as part of the decision process. For example, (Gupta et al., 2023) introduces conformal
prediction sets to model other agents’ actions with high confidence, providing each agent with a
set of likely moves of others before acting. Interactive MDPs explicitly construct recursive belief
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models of other agents’ hidden states and policies to guide planning, whereas interactive latent coding
methods learn compact embeddings of observed interaction dynamics without forming full belief
hierarchies (Xie et al., 2021; Hoang & Low, 2013). Other approaches give agents an explicit planning
capability, such as an episodic future thinking mechanism where an agent infers each partner’s latent
character and then simulates future trajectories of all agents to select an optimal action (Lee & Kwon,
2024a;b; 2025a). Likewise, fact-based agent modeling trains a dedicated belief inference network
that uses an agent’s own observations and rewards to reconstruct the policies of other agents through
a variational auto-encoder (Fang et al., 2023). These techniques incorporate additional structures to
predict or encode other agents’ states, essentially bolting on an extra layer of agent-specific reasoning.

Im-IWoL departs from all three lines by folding communication and modeling into a single Trans-
former block that is used only during centralized training. Messages circulate through the Transformer
while the topology and latent code are being learned, but at test time, each agent discards the channel
and relies solely on the cached latent embeddings produced by its local encoder; no decoder, simulator,
or action-based signalling set is required. This makes IWoL, to our knowledge, the first implicit-
communication framework that needs zero additional modules at deployment while still endowing
agents with an internal world latent that unifies inter-agent relations and global task information.
Consequently, Im-IWoL inherits the bandwidth-free, attack-resistant advantages of prior implicit
schemes, yet retains the architectural simplicity and real-time footprint of a feed-forward network.

B.3 PRIVILEGED INFORMATION IN LEARNING TO CONTROL

Privileged information, which is signals available at training but not at deployment, has been widely
adopted for learning to control (Cai et al., 2024; Li et al., 2024b; Ndousse et al., 2021; Salter et al.,
2021; Hu et al., 2024a; Kamienny et al., 2020; Li et al., 2024a; Huang et al., 2025), e.g., MARL
under partial observability, world model training, and policy improvement. For MARL, it has
been introduced both as a training-only information for exploration or credit assignment (Cai et al.,
2024; Li et al., 2024b; Ndousse et al., 2021), as well as an attention or distillation signal to align
decentralized policies with global information (Salter et al., 2021; Li et al., 2024a). For world-model
training, privileged sensing has guided the training of latent dynamics and representation alignment to
improve sample efficiency and safety (Hu et al., 2024a; Huang et al., 2025). Furthermore, robustness
techniques such as privileged information dropout prevent over-reliance on non-deployable signals
and encourage policies to learn deployable features (Kamienny et al., 2020). Across these settings,
the unifying principle is that privileged signals are leveraged as auxiliary supervision during training,
but removed at deployment to ensure fairness and applicability. In our work, we follow this paradigm
by using a privileged decoder to align shared latent representations, while keeping execution fully
decentralized and based only on local observations.
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C TRAINING DETAILS

C.1 PSEUDOCODE FOR IWOL

Algorithm 1 Training IWoL

1: Require: the number of episode K, the number of agents I , max steps of an episode T , batch
size B, replay buffers Di for each agent i, and learning rate η

2: Initialize: actor parameters Φ = {ϕ1, ϕ2, · · · , ϕI}, and critic parameters Θ = {θ1, θ2, · · · , θI}
3: Initialize buffer Di and loss function L(θi),L(ϕi)
4: for episode = 1, K do
5: Reset privileged state s, observations o
6: # Roll-out trajectories --------------------------------------
7: for t = 1, Tmax do
8: Local observation embedding: f t,mt,0 ← Encoder(SelfAttn(o))
9: Scheduling communication: Gt ← GumbelSoftmax(AddAtt(f t))

10: Message processing with L hops: mt ← Transformer(mt,0, Gt, L)
11: # Building latent for coordination -------------------------

Im-IWoL: zt ← Interactive World Encoder(f t) if Ex-IWoL: zt ←mt

12: # Policy and Value Function --------------------------------
Im-IWoL: at ← ΠΦ(z

t) and vt ← VΘ(m
t, f t) if Ex-IWoL: at ← ΠΦ(z

t, f t)
13: Perform action at, then transit state st+1, receive rt and ot+1

14: Store transition (oti, a
t
i, πϕi

(ati|oti), Vθ,i(o
t
i), o

t+1
i ) in Di for each agent i

15: t← t+ 1
16: end for
17: # Return estimation ------------------------------------------
18: for i = 1, I do
19: for t = 1, Tmax do
20: Rt

i = rti + γRt+1
i if ot+1

i ̸= terminal from Di

21: end for
22: # Decentralized network update -----------------------------
23: Reconstruct privileged state: ŝti ← DecoderW(zti)
24: Calculate LWorld ← λW ·MSE(sti, ŝ

t
i)

25: Reconstruct communication message: m̂t
i ← DecoderI(z

t
i) # only Im-IWoL

26: Calculate LInteractive ← λI ·MSE(mt
i, m̂

t
i) if Ex-IWoL, LInteractive = 0

27: Calculate L(ϕi) and L(θi) using Di with equation 1 and equation 2
28: L(ϕi)← L(ϕi) + LInteractive + LWorld

29: Update θi ← θi − η∇L(θi) and θi ← ϕi − η∇L(ϕi)
30: end for
31: episode← episode + 1
32: end for

C.2 IMPLEMENTATION DETAILS

Multi-threaded synchronous policy optimization. Our training implementation employs Nthreads

parallel worker threads, each running an independent environment and collecting fixed-length tra-
jectory segments (Singh et al., 2019). After each segment, every worker computes policy and value
function losses to derive gradients, which are then synchronously aggregated across all threads. We
average these gradients and perform a single parameter update using the Adam optimizer (Kingma &
Ba, 2014). To promote exploration, we include an entropy bonus with weight 0.01 and train the value
head with a mean-squared error loss (Schulman et al., 2017). Gradients are clipped to a maximum
norm of 0.5 to ensure stable updates (Koloskova et al., 2023). Updated network parameters are then
broadcast back to all workers before the next rollout cycle.

Decentralized value function for IWoL variants. In our approach, we adopt privileged state
information for each agent, enabling it to alleviate heavy dependence on a centralized critic in
previous methods. Consequently, every agent learns its own value function in a fully decentralized
fashion (i.e., using only its local, augmented observations) thereby avoiding the communication
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overhead and staleness issues inherent to a centralized value estimate, while still benefiting from the
extra privileged information to maintain sample efficiency and training stability.

Self-attention in the observation encoder. Self-attention can capture dependencies among features
within each agent’s local observation. Therefore, it allows the later layer to identify salient objects and
their relations, providing relational cues even before inter-agent communication occurs. Moreover,
when historical observations are included as input, the self-attention mechanism effectively captures
long-term temporal dependencies across time steps. We believe that this component can be replaced
on the recurrent neural network variants, e.g., LSTM or GRU.

Additive-attention in communication module. Additive-attention provdies a stable scoring mecha-
nism to construct pairwise relevance between features, which is widely used for dynamic interaction
graphs. Unlike dot-product attention, it is less sensitive to feature scaling and therefore produces
smoother gradients when learning dynamic communication graphs. This property is particularly
useful for multi-agent scenarios, where interaction patterns frequently change depending on the
agents’ spatial and behavioral context.

Gumbel-Softmax in communication module. Gumbel-softmax component enables differ-
entiable discrete sampling of communication links. In other words, it allows the communication
graph to be trained end-to-end by combining with RL training objectives. As a result, the model
learns structured and adaptive message-passing topologies without the need for manually designed
communication rules.

Training Details. Additionally, we employ two techniques for efficient updates: value normaliza-
tion (Mehta et al., 2023) and active masking (Stolz et al., 2024). Value normalization keeps the
target values Rt

i on a consistent scale, improving stability and training convergence. Next, optionally
employ active masks in the critic to ensure that irrelevant states or features do not excessively affect
the value function estimates. This can help the critic focus on relevant state dimensions and reduce
training variance.

Fairness of Baseline Implementation. To ensure a fair comparison, we modify some practical
implementations of all baselines so as to IWoL:

• Use of privileged/global information: Every CTDE baseline (MAPPO, MAT, MAGIC,
CommFormer) was given access to the exact same privileged signal, either the ground-
truth global state st or the concatenated shared observation ot = [ot1, . . . , o

t
I ], when fitting

its value function. In other words, all methods can use the same global information in a
training phase, so that any performance gap cannot be attributed to unequal access to global
information.

• Local-observation encoding: To match IWoL’s encoder capacity, we equipped each base-
line with an identical local-observation embedding pipeline: each agent’s raw observation
oti is first projected into a fixed-dimensional feature, then passed through a self-attention
layer or a lightweight RNN. We held all embedding hyperparameters constant across meth-
ods. This design guarantees that improvements stem from our communication–world-latent
architecture rather than from extra encoding power.

• Hyperparameter: To ensure a fair comparison, we aligned both algorithmic and envi-
ronment parameters across all methods. For algorithmic hyperparameters, we adopted the
original settings reported in each paper (i.e., learning rates, network architectures, PPO-
dependent parameters such as clipping ϵ, value-loss, and entropy weights). In addition,
we fixed batch size, hidden dimensions, number of attention heads, and all PPO-specific
coefficients to be identical for IWoL and every baseline. Next, for environmental hyperpa-
rameters, all training parameters, e.g., maximum episode length, reward scaling, observation
noise, and number of parallel environments, were standardized across experiments.
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D TOY EXAMPLE DETAILS

Toy example: Traffic junction grid
Question: Does the paper describe the usage of LLMs if it is an important, original, or1214

non-standard component of the core methods in this research? Note that if the LLM is used1215

only for writing, editing, or formatting purposes and does not impact the core methodology,1216

scientific rigorousness, or originality of the research, declaration is not required.1217

Answer: [NA]1218

Justification: Our core method and claim are our own, not LLM-based.1219

Guidelines:1220

• The answer NA means that the core method development in this research does not1221

involve LLMs as any important, original, or non-standard components.1222

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)1223

for what should or should not be described.1224

Scenario Explicit Communication

Normal 96.3%±2.8

8-bit BPS Const’ 86.3%±6.4

2-bit BPS Const’ 66.3%±29.0

Comm’ Attack 37.8%±16.5

36

Agent
Go straight
Turn lef
Turn right
U turn

Environment Agents Communication

Type II scenario: Communication attack

Type I scenario: Bandwidth constraint

Original message Constrained message

Figure 9: A diagram for a toy example. In this example, we adopt a simple traffic junction task and two
challenging scenarios in communication MARL.

Simple Traffic Junction. We consider a 4-way traffic junction on a 14 × 14 grid. At each time
step, new cars enter from each of the four entry points with probability parrive, up to a maximum of
Nmax = 10 concurrent cars. Each car occupies a single cell and is randomly assigned one of four
routes (keeping to the right side): straight, left turn, right turn, or U turn. At each step, an agent
chooses between two actions: moving one cell or staying in place.

Agents aim to exit the grid upon reaching their destination. They can get a one-hot encoding of its
route ID ({n, l, r}) as an observation without others’ information. Agents overcome their partial
observability by explicitly communicating with all others.

The total team reward at time t is as follows:

r(t) = Ct rcoll +

Nt∑
i=1

τi rtime,

where Ct the number of collisions, N t the number of cars present, rcoll is a collision penalty, rtime is
a a time penalty, and τ is the number of steps since that car entered. Episodes run for 40 steps and are
marked as failures if any collision occurs.

Type I: Bandwidth Constraint. In Type I, we limit the number of bits used to transmit each
continuous message vector mt

i. Originally, we used 32 bits per element. Here, we quantize to only
n ∈ {8, 2} bits per element and measure the resulting performance drop. At execution time, we
consider the following bandwidth constraints:

def bit_per_sec_const(message, n):
levels = 2**n
# scale to [0, levels-1], round, then rescale to [0,1]
const_m = torch.round(message * (levels - 1)) / (levels - 1)
return const_m

for n = 8 (Type I - 8bps) or n = 2 (Type I – 2bps).

Type II: Communication Attack. In Type II, an adversary intercepts and corrupts each agent’s
message before delivery. Concretely, for every transmitted mt

i, we sample a random vector m̂t
i ∼ U

and deliver m̂t
i in place of the true message. This simulates a worst-case message corruption scenario,

and we report the performance degradation under this attack.
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E EXPERIMENTAL DETAILS

This appendix section describes the task and details of a Markov decision process over 10 scenarios.

Remark. Each task requires extensive notation so that some symbols may overlap with those used in
the main text. Readers are therefore advised to consult each MDP specification and notation in the
context of its own environment.

E.1 METADRIVE

(Limited observability, high-dimensional observation space, large-scale, cooperative, and competi-
tive) MetaDrive is an autonomous driving simulator formulated as an MDP. Each vehicle simultane-
ously learns a driving policy, a value function, and a communication protocol.

E.1.1 MARKOV DECISION PROCESS

Observation. In particular, at each timestep t, agent i receives an observation oti composed of three
parts: ego-vehicle information, surrounding vehicles’ information, and navigation cues.

• Ego-vehicle information:
[
θi, ϕi, vi, d

left
i , drighti

]
where θi is steering angle, ϕi is heading,

vi is speed, and dlefti , drighti are distances to left/right lane boundaries
• Surrounding vehicles’ information: relative positions and velocities of up to Nobs nearest

agents, sensed via a LiDAR with Nlaser beams covering a dlaser.
• Navigation cues: A vector encoding direction and distance to the destination.

Actions. Each agent selects a continuous action ati = [αt
i, β

t
i ], where αt

i ∈ [−1, 1] controls steering
(left:−1, right:+1), and βt

i ∈ [−1, 1] controls acceleration (brake:−1, throttle:+1).

Reward. We design the individual reward into three components:

rIi = cdriving rdrivingi + cspeed rspeedi + rtermination
i ,

where driving progress rdrivingi is the forward distance traveled along the lane between t and t +

1, agility reward rspeedi =
vt
i

vmax
normalizes current speed by the maximum allowed vmax, and

termination reward rtermination
i = cgoal if goal reached (if collision or out-of-lane, rtermination

i =
cfail). cgoal is always positive, and cfail is set as a negative.

To encourage cooperation, we further define a cooperative reward rCi =
∑

j∈Ni
rIj , where Ni is the

set of vehicles within communication range. The total reward is then ri = (1− λco) r
I
i + λco r

C
i ,

balancing individual performance (λco = 0) and team coordination (λco > 0).

E.1.2 SCENARIO DESCRIPTIONS

We provide two types of driving scenarios, intersection and parking lot. These environments are
designed to test the agent’s communication ability in large-scale MARL and the holistic coordination
ability of their action, considering safety, goal achieving, and agility.

Intersection: An unprotected four-way intersection without traffic signals. Agents must negotiate
right-of-way, decide when to turn or go straight, and avoid gridlock. Explicit communication of
intentions (e.g. yield, turn left) reduces ambiguity and improves safety.

Parking Lot: A confined lot with eight parking slots and spawn points both inside and on adjacent
roads. Vehicles may need to reverse, yield, or reroute to find a spot. Real-time information exchange
helps agents agree on who moves when and where to park without blocking traffic.
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E.2 ROBOTARIUM

(Limited observability, cooperative, and robotics) The Robotarium platform is a remotely accessible
multi-robot lab from Georgia Tech, enabling researchers to conduct physical robot experiments
with ease. In this setup, mobile robots that do not have sensors or LiDAR rely on inter-robot
communication to coordinate actions, avoid collisions, and stay within bounds. We evaluate our
method in two scenarios with four robotic agents: simple navigation and material transport. In such a
simple simulator, we test their coordination performance without observation devices.

Simple Navigation: During each episode, the swarm robots navigate toward a destination point that
may vary across episodes. Each agent is provided only with its own position and the destination’s
coordinates as observations.

In this scenario, privileged state at time t is ŝt =
{
(xt

i, y
t
i), (xgoal

i , ygoali )
}N

i=1
, where (xt

i, y
t
i) is

agent i’s position and (xgoal
i , ygoali ) is its fixed goal location. Each agent i receives a local observation

oti =
[
xt
i, y

t
i , x

goal
i , ygoali

]
∈ R4, containing its own coordinates and the coordinates of its goal. Af-

ter receiving oti, Agents choose from five discrete actions A = {left, right, up, down, no action}.
A no action leaves the agent in place, and other actions move the agent by a fixed distance dstep
in the corresponding cardinal direction.

Subsequently, at each timestep, agent i receives a mixed reward as an outcome of a joint action
rti = (1− λco) r

I
i + λco r

G
i , where rIi = −

∥∥(xt
i, y

t
i)− (xgoal

i , ygoali )
∥∥2, rGi = 1

N−1

∑
j ̸=i r

I
j . An

error penalty of −5 is applied if agent i collides with another agent or violates workspace boundaries.

Material Transport: In this scenario, there are two types of swarm robots: slow and fast robots.
They aim to move loads from the loading zones to the unloading zone (target). In particular, Figure 6
(g) shows that loading and unloading zones are colored purple and green; orange and red circled
robots are slow and fast ones, respectively. To enhance efficiency, these robots need inter-agent
communication to coordinate their behaviors for avoiding collision and splitting their workstations
(i.e., fast robots move the material from a distant loading area, and slow robots work in close one.

We designed MDP for such a scenario as follows. First, a privileged state at time t is ŝt =

[
{
(xt

i, y
t
i), lti , τ

t
i , v

t
i

}N

i=1
, zt1, zt2], where (xt

i, y
t
i) is agent i’s position, lti is its current load, τ ti

is its torque, vti is its speed, and zt1, z
t
2 are the remaining loads at zone 1 and zone 2. Each agent i can

get an observation oti =
[
xt
i, y

t
i , l

t
i , z

t
1, z

t
2

]
∈ R5. Agents make a decision within the same action

space with the simple navigation scenario. At each timestep, agent i receives the reward as follows:

rti = cstep + cload−close(l
t
imload) + cload−distant(l

t
imload) + +cunload(l

t
imunload) + csafety1safety,

where cstep is the constant time penalty per step, cload-close and cload-distant are the reward coefficient
for loading at zone 1 and 2, respectively. Next, cunload is the reward coefficient for unloading at the
target area, csafety is the penalty coefficient for safety violations (collision or boundary exit), and
1safety is an indicator function equal to 1 if a safety event occurs, 0 otherwise. Same with simple
navigation, we use a combination of individual and collaborative rewards to enhance coordination.
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E.3 MULTI-AGENT QUADRUPED ENVIRONMENTS

(Realistic, limited observability, high-dimensional observation space, cooperative, and robotics)
MQE is an Isaac Gym–based simulator that marries physically accurate rigid-body dynamics with
massively parallel GPU execution. Each robot, Unitree Go1, is modelled with 12–18 actuated degrees
of freedom, ground–contact friction, and joint-space torque limits, enabling realistic behaviors such
as trotting, bounding, and recovery from perturbations. The platform natively supports heterogeneous
morphologies, randomized terrain tiles, and object manipulation, making it ideal for testing coordina-
tion and communication under high-dimensional, contact-rich dynamics. In this testbed, we consider
three scenarios: Go1Gate, Go1Sheep-Hard, and Go1Seesaw.

Go1Gate: Two Unitree Go1 robots must pass through a constricted opening of width wgate and
reach a specified goal region on the opposite side within a horizon of Tmax timesteps, all without
colliding with the gate boundaries and another robot. Success demands precise alignment of the
robot’s heading and finely tuned speed control to negotiate the narrow aperture; any contact incurs a
collision penalty, while a clean, collision-free traversal earns a completion bonus. This task, therefore,
emphasizes agile steering, dynamic balance, and minimal lateral deviation from the gate centerline to
ensure efficient and safe passage.

For training with privileged information at each timestep, agent i has access to

si =
[
pi︸︷︷︸
6

, pj︸︷︷︸
6

, g︸︷︷︸
2

, qi︸︷︷︸
4

, vi︸︷︷︸
3

, ωi︸︷︷︸
3

, di︸︷︷︸
12

, ḋi︸︷︷︸
12

, alasti︸︷︷︸
12

]
,

where pi = [xi, yi, zi, rolli,pitchi, yawi ] ∈ R6 is the concatenation of agent i’s base position
and orientation (Euler angles), pj ∈ R6 is the same base position and orientation of the other
agent j ̸= i (obtained by flipping pi in the batch), g = [gx, gy] ∈ R2 is the 2D gate position,
qi = [qw, qx, qy, qz] ∈ R4 is the agent’s base orientation as a unit quaternion, vi = [vx, vy, vz] ∈ R3

is the base linear velocity, ωi = [ωx, ωy, ωz] ∈ R3 is the base angular velocity, di ∈ R12 and
ḋi ∈ R12 are the per-joint positions and velocities for the 12 DoFs, and alasti is the previous action
(torque or target position) applied at each joint.

At each timestep, agent i’s local observation is a part of privileged information, oi = [pi,pj ,g]. An
agent i outputs an action ai = [vx, vy, ωyaw, ], where vx, vy are the desired linear velocities in the
x, y directions and ωyaw is the desired yaw rate. After performing the action, the agent i receives a
reward as follows.

rti = ctarget
(
dt−1
i − dti

)︸ ︷︷ ︸
approach reward

+ ccol 1col︸ ︷︷ ︸
collision punishment

+ csucc 1
[
xi > dgate + 0.25

]︸ ︷︷ ︸
Goal achievement reward

+ cagent
1[dij<δ]

dij︸ ︷︷ ︸
Inter−agent distance punishment

(I) Approach reward rapproachi encourages agent i to reduce its Euclidean distance to the target
dti =

∥∥[xt
i, y

t
i ]− target

∥∥
2
. The term d t−1

i − d t
i is positive when the agent moves closer, and ctarget

scales the reward magnitude. (II) Collision punishment rcontacti imposes a penalty ccol whenever
agent i collides, indicated by 1col = 1. This discourages unsafe actions. (III) Goal achievement
reward rsuccessi awards a one-time bonus csucc when agent i first crosses the gate threshold at
xi > dgate+0.25, as marked by the indicator. (IV) Inter-agent distance punishment ragenti discourages
agents from crowding by penalizing when the squared inter-agent distance d2ij = ∥[xi, yi]− [xj , yj ]∥22
is below δ. The penalty cagent/d

2
ij grows as they get closer.

Go1Sheep-Hard: In this task, two Go1 robots must guide nine simulated sheep NPCs from their
initial spawn area into a designated corral within a fixed horizon of Tmax timesteps, strictly avoiding
collisions. Each sheep executes randomized maneuvers and unpredictable bursts of acceleration,
demanding that the robot continuously predict their future positions and adjust its steering and speed
with high agility. Task success hinges on efficiently reducing the Euclidean distance between the
robot and each sheep to enable timely interception, steering the flock toward the corral boundary, and
preserving a safe buffer to prevent contact while the sheep actively attempt to escape capture.

For Go1Sheep MDP, privileged information first is defined as follows:

si =
[
pi,pj ,g, m︸︷︷︸

2×9

, qi, vi, ωi, di, ḋi, a
last
i

]
,
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where m = [xnpc1, ynpc1, . . . , xnpc9, ynpc9] are the 2D positions of the nine ‘sheep’ NPCs. The
observation is oi = [pi,pj ,g,m], and action is same with Go1Gate. The reward is defined as
follows.

rti = csucc

M∑
m=1

1
[
xt
sm > dgate

]
︸ ︷︷ ︸
Success shepherding reward

+


cmix, xt

sm ≥ dgate,

cmix exp
(
−∥[x

t
sm , ytsm ]− g∥

2

)
, otherwise︸ ︷︷ ︸

Mixed sheep reward

(I) Success shepherding reward rsuccessi encourages the agent to drive all NPCs across the gate. Let
crosse,m = 1

[
xt
se,m > dgate

]
, S =

∑9
m=1 crossm. Then each agent in environment receives

rsuccessi = csucc S,. This one-time shaping reward is added each timestep after any sheep crosses
the gate, and is reset when the environment resets. (II) Mixed sheep reward rmixed

i provides a
continuous shaping signal based on each sheep’s proximity to the gate. In this shaping scheme, we
first compute the two-dimensional Euclidean distance D =

∥∥(x, y) − g
∥∥
2

between each sheep’s
position (x, y) and the gate center g. The per-sheep reward rmixed is then defined as rmixed

i = cmix

when x ≥ dgate, otherwise, rmixed
i = cmix exp(−D/2), so that once a sheep crosses the gate

threshold dgate it immediately earns the full shaping scale cmix, while before crossing it receives a
smoothly increasing bonus that decays exponentially with distance. Summing these per-sheep terms
over all sheep produces the total mixed-sheep reward, which therefore rises continuously as the flock
approaches the gate and caps at cmix upon passage.

Go1Seesaw: Two Unitree Go1 quadrupeds must coordinate to exploit a lever-style plank and climb
onto an adjacent elevated platform within a maximum of Tmax timesteps, without causing the seesaw
to collapse. Starting on one side of a suspended flat board, one robot must position itself at the far
end to counterbalance and stabilize the seesaw’s pivot, while the second robot ascends the inclined
plank to reach the platform. Precise timing of weight distribution, agile modulation of stance to damp
oscillations, and real-time adaptation to shifting center-of-mass dynamics are all required to maintain
balance and complete the ascent successfully.

In this task, privileged information is defined as si =
[
pi,pj ,qi,vi,ωi,di, ḋi,a

last
i

]
, the observa-

tion oi =
[
pi,pj

]
, and action is same with other tasks. Lastly, the reward is defined as follows.

rti = cx

(∑2
i=1 x

t
i −

∑2
i=1 x

t−1
i

)
︸ ︷︷ ︸

x−movement reward

+ ch

(∑2
i=1 z

t
i − 0.56N

)
︸ ︷︷ ︸

Height reward

+ cy

(∑2
i=1(y

t
i)

2 − 0.5N
)

︸ ︷︷ ︸
Lateral−deviation punishment

+

ccol 1
t
col +

cdist 1
[
d t
ij < 0.5

]
(d t

ij)
2︸ ︷︷ ︸

Inter−agent distance punishment

+ csucc

2∑
i=1

1
[
xt
i > 7.7 ∧ zti > 1.3

]
︸ ︷︷ ︸

Goal achievement reward

+ cfall 1
t
fall︸ ︷︷ ︸

fallpunishment

(I) x-movement reward rmove encourages the robots to collectively advance along the plank by
rewarding positive change in their fore–aft positions. (II) Height reward rheight incentivizes climbing
by granting a bonus whenever the team’s average elevation exceeds the nominal stance height. In this
term, Z-coordinates above the nominal standing height (0.56m) earn a bonus. (III) Lateral-deviation
punishment ry penalizes straying from the centerline by imposing a cost for large side-to-side
displacements, thereby keeping the bases near the seesaw’s centerline. (IV) Collision punishment
rcol discourages unsafe contacts by applying a fixed penalty whenever any robot registers an external
collision, promoting safe foot placements and mutual avoidance. (V) Inter-agent distance punishment
rdist prevents crowding by sharply penalizing pairs of robots whose planar separation drops below
0.5m. (VI) Goal achievement reward rsucc rewards task completion by giving each robot a one-time
bonus when it steps cleanly onto the far platform (x > 7.7 m and z > 1.3 m). (VII) Fall punishment
rfall strongly discourages loss of balance by penalizing any roll- or pitch-termination event.
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E.4 BI-DEXHANDS

(Realistic, limited observability, high-dimensional observation space, high-dimensional action space,
cooperative, and robotics) Bi-DexHands is a high-fidelity bimanual manipulation benchmark built
in Isaac Gym, pairing two Shadow Hands in richly contact-driven tasks. In this work, we focus
on three prototypical scenarios, i.e., Door Open Outward, Bottle Cap, and Two Catch Underarm,
each stressing different aspects of coordinated wrist and finger control. We select this testbed to
push RL toward human-level dexterity for several reasons: Isaac Gym’s GPU parallelism delivers
massive sample efficiency; the dual-hand setup embodies heterogeneous-agent cooperation in a
very high-dimensional action space; and the tasks themselves are grounded in cognitive studies of
fine-motor skill development, enabling evaluation of skill acquisition stages.

Door Open Outward: In this bimanual lever task, one Shadow Hand must firmly grasp a hinged
door handle while the other pushes the door open away from the robot, reaching a target angle before
Tmax timesteps, without dropping the handle or colliding with the door frame. Success demands that
the “grasp” hand maintain a stable closure force as the “push” hand applies a sustained outward force
and trajectory, balancing leverage and support. This challenge, therefore, stresses persistent contact
stability, force distribution between hands, and dynamic coordination to overcome hinge resistance.
From the viewpoint of human development, this task can be performed after 13 months (Weiss et al.,
2010).

Privileged information for Door Open Outward is defined as follows:

st ∈ R428 =
[
sRH,t, sLH,t, sdoor,t

]
,

where the superscripts “RH” and “LH” denote the Right and Left Hand blocks (each of dimension
199, total 398), and “door” the 30-dimensional door/goal block.

In particular, each 199-dimensional hand block sH,t (for H ∈ {RH,LH}) we further decompose as
follows. Joint positions

[
sH,t
0:23

]
∈ R24, Joint velocities

[
sH,t
24:47

]
∈ R24, Joint efforts

[
sH,t
48:71

]
∈ R24,

Fingertip kinematics (positions, linear and angular velocities)
[
sH,t
72:136

]
∈ R65, Fingertip forces

and torques
[
sH,t
137:166

]
∈ R30, Base position

[
sH,t
167:169

]
∈ R3, Base orientation (roll, pitch, yaw)[

sH,t
170:172

]
∈ R3, Previous action commands

[
sH,t
173:198

]
∈ R26. The remaining 30 dimensions sdoor,t

encode the door’s pose (7), linear velocity (3), angular velocity (3), goal pose (7), and the right/left
handle positions (3 + 3), in that order.

Each hand gets its own hand and object information as a local observation at a timestep t.

Next, the action at time t is a 26-dimensional continuous vector for each hand, at =
[
at0:25

]
∈ R26,

which we partition into six contiguous blocks:

at =
[

aRH
0:19︸︷︷︸

Hand
joint commands

, aRH
20:22︸ ︷︷ ︸
Hand

base pose

, aRH
23:25︸ ︷︷ ︸
Hand

orientations

]
.

In particular, aH0:19 and aLH26:45 are the 20 per-hand joint actuator targets, and aH20:22, a
LH
46:48 are the

palm translations (x, y, z), and aH23:25, a
LH
49:51 are the palm orientations (roll,pitch, yaw).

At every step, the agent earns

r = 0.2 − ∥xℓhand − xℓhandle∥2 − ∥xrhand − xrhandle∥2 + 2 ∥xℓhandle − xrhandle∥2.
The two negative terms penalize any drift from each handle, ensuring firm contact, while the final
term encourages opening by increasing the handle-to-handle separation.

Open Bottle Cap: The dual Shadow Hands must grasp a bottle body and its screw-on cap, then
unscrew the cap outward by applying controlled counter-rotational torque, all within Tmax timesteps
and without slip or excessive force. One hand holds the bottle steady while the other hand applies
a precise twisting motion to overcome the cap’s friction; any loss of grip or collision with the
bottle incurs a penalty, whereas a clean uncapping within the time limit yields a completion bonus.
This scenario highlights coordinated torque control, compliant grip modulation, and synchronized
wrist rotation. From the viewpoint of human development, this task can be performed after 30
months (Zubler et al., 2022).
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Privileged information for Open Bottle Cap is defined as follows:

st ∈ R417 =
[
sRH,t, sLH,t, sbottle,t, scap,t

]
,

where sbottle,t and scap,t is information related to task objects. First, sbottle,t includes bottle pose
(position and orientation quaternion; 7), linear velocity (3), and angular velocity (3). Next, scap,t can
be decomposed as cap position (3) and cap up vector (3).

The reward combines hand-to-object proximity penalties with a strong shaping term for cap separation:

r = 0.2 − ∥xℓhand − xcap∥2 − ∥xrhand − xbottle∥2 + 30 ∥xbottle − xcap∥2.
Here the first two negative terms discourage loss of contact, one hand holding the bottle body and the
other gripping the cap, while the large coefficient on ∥xbottle − xcap∥ sharply rewards successful
unscrewing by maximizing the distance between bottle and cap.

Two Catch Underarm: Two Shadow Hands must cooperatively toss and catch two rigid objects
underarm within a fixed horizon of Tmax timesteps, without dropping either object. Success requires
precisely timed wrist and finger trajectories to launch each object into free flight and intercept it in
the opposite palm, while maintaining stable hand poses to avoid collision between the hands and
the objects. This task, therefore, emphasizes accurate throw, catch timing, trajectory prediction, and
rapid coordination of dual manipulators under gravity. From the viewpoint of human development,
this task can be performed after becoming an adult.

Privileged information for Two Catch Underarm is defined as follows:

st ∈ R417 =
[
sRH,t, sLH,t, sobject 1,t, sobject 2,t

]
,

where sobject,t comprises of object pose (position and orientation quaternion; 7), linear velocity (3),
angular velocity (3), goal pose (desired pose; 7), and rotational error between object and goal (4).

At each timestep, the agent receives a reward that sums two exponential pose-error terms, one for
each object:

r = exp
[
−0.2

(
αdt1 + dr1

)]
+ exp

[
−0.2

(
αdt2 + dr2

)]
,

where dti = ∥xoi − xgi∥2 is the Euclidean distance between object i and its goal, and dri =
2arcsin

(
clamp(∥dai∥2, 1)

)
measures the rotational misalignment. The dual-exponential form

sharply penalizes both translational and rotational errors for each throw-catch pair, driving the
hands to synchronize their toss and intercept trajectories.
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E.5 HYPERPARAMETERS

Hyperparameter Value

Max steps of an episode 1000 (MetaDrive), 50 (SN), 60 (MT), 200 (MQE), 400 (BiDexHands)
Total timesteps 106 (MetaDrive), 2× 105 (Robotarium), 107 (MQE, BiDexHands)
The number of multi-threads 16 (MetaDrive), 32 (Robotarium), 250 (MQE and BiDexHands)
Batch size num threads × buffer length × num agents
Mini batch size batch size / mini-batch
Dimensions for communication processor 128
Dimensions for latent 32
Balancing coefficient of interactive loss 0.05
Balancing coefficient of world loss 0.05
The number of heads for communication processor 4
Commitment coefficient 0.1
Value loss Huber loss
Threshold of Huber loss 10.0
Recurrent data chunk length 10
Dimensions for policy [128]
Dimensions for value [128]
Clip coefficient of PPO 0.2
Discount factor 0.99
GAE lamda 0.95
Gradient clip norm 10.0
Optimizer epsilon 10−5

Weight decay 0
policy learning rate 3× 10−4

value learning rate 3× 10−4

Optimizer Adam
RL network initialization Orthogonal
Use reward normalization True
Use feature normalization True

E.6 BASELINE ALGORITHMS

This work benchmarks four MARL baseline algorithms. The implementation code adheres closely to
the aforementioned official code as follows.

• MAPPO: https://github.com/zoeyuchao/mappo
• MAT: https://github.com/PKU-MARL/Multi-Agent-Transformer
• MAGIC: https://github.com/CORE-Robotics-Lab/MAGIC
• CommFormer: https://github.com/charleshsc/CommFormer
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F ADDITIONAL RESULTS

F.1 ABLATION STUDY

Parking Lot (MetaDrive) Bottle Cap (Bi-hadns Dexterous) Material Transport (Robotarium) Go1Seesaw (MQE)

Figure 10: Ablation study of latent dimension for MARL. In four testbeds, D = 32 generally leads to the
best or near-best performance.

Figure 10 plots the effect of the interaction-world latent dimension Z ∈ RD on coordination
performance across four diverse tasks. We evaluate D = {8, 16, 32, 64, 128, 256, 512} and display
average return with a tolerance interval. In all environments, performance rises sharply as D increases
from 8 to 32, peaks or plateaus in the range 32≤D≤128, and then degrades slightly at very high
dimensions, suggesting that overly small latent spaces underfit inter-agent and world structure, while
excessively large ones suffer from over-parameterization. Based on these results, we choose D = 32
for all main experiments.

Figure 11: Ablation study of DecoderW and DecoderI. Across four challenging tasks, DecoderW and
DecoderI are important for multi-agent coordination.

Figure 11 shows the effect of our contributed modules, DecoderW and DecoderI on coordination
performance across four tasks. This result confirms that these modules substantially influence the
performance of IWoL. More precisely, in MQE and MetaDrive, removing either decoder leads to
drastic reward degradation, effectively preventing coordination. In Bi-DexHands and Robotarium
scenarios, IWoL with both modules achieves the most stable and highest performance. This indicates
that DecoderW and DecoderI play complementary roles, the former capturing world-level dynamics
and the latter modeling agent interactions, together enabling robust coordination.

F.2 TRAINING TIME

To assess the practical training cost of IWoL, we report wall-clock times for all baselines across
representative environments. In MetaDrive, Im-IWoL and Ex-IWoL require 8 and 10 hours,
respectively, comparable to MAPPO (8h) and notably faster than MAT (11h), CommFormer (13h),
and MAGIC (9h). In Bi-DexHands, where coordination and contact-rich manipulation increase
complexity, Im-IWoL trains in 13 hours and Ex-IWoL in 17 hours faster than CommFormer (20h)
and MAT (18h), and similar to MAGIC (15h), though MAPPO remains the fastest at 6 hours. A similar
pattern emerges in Go1 Tasks, with IWoL variants showing 13− 17 hours of training time versus
15 − 20 hours for communication-based baselines, and MAPPO again finishing in 6 hours. These
results suggest that IWoL achieves strong performance with modest additional overhead compared to
message-free methods, and substantially better scalability than Transformer-based communicators.
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F.3 INFERENCE TIME AT DEPLOYMENT

Figure 12: Inference run time.
Wall-clock time for each agent.

Figure 12 compares the average inference time for each agent in four
environments across all baselines. MAPPO serves as the lightweight
baseline, while MAT, with its full transformer encoder, and explicit
communication baselines, requiring per-step message exchanges,
both incur noticeable overhead. By contrast, Im-IWoL reuses its
pretrained latent encoder and adds only a small fully-connected pro-
jection on top of the MAPPO. As a result, its runtime is virtually
indistinguishable from MAPPO and substantially faster than both
MAT and explicit communication, demonstrating that learned repre-
sentations can boost coordination without sacrificing efficiency.

F.4 COMPARISON WITH ICP

Although we claim the differences of fundamental idea between ICP and IWoL in RQ5, this
subsection takes into account the following research question: How well Im-IWoL performs
compared to previous Implicit Communication Protocols in robotics frameworks?

Implicit Channel Protocol (ICP), most recent work, enables agents to communicate without a dedi-
cated messaging channel by treating certain observable actions as encoded signals in the environment.
At each time step, an agent chooses between a scouting action us = P(m) to transmit message
m via a predefined bijection P : M → Us, or a regular action ur to affect the environment. Other
agents observe us in their next local observation and recover m by applying the inverse mapping P−1.
Through this mechanism, ICP realizes implicit communication as inverse modeling: the behavior
itself becomes the communication signal.

While (Wang et al., 2025) shows that ICP achieves better performance than other branches, these
empirical results in discrete extensive-form game tasks are based on some assumptions.

• Signal broadcast: When an agent executes us, the environment inserts that action identifier
into every other agent’s next observation, ensuring universal message delivery.

• Perfect encoding/decoding: There exists a bijective mapping P/P−1 between messages
M and scouting actions Us, allowing lossless recovery.

These premises rely on perfectly and instantaneously observing every other agent’s actions, an
idealization that is often violated in robotics and other real-world domains.

Consequently, we extend the ICP module to align with our experiments. First, we introduce a shared
replay buffer that logs every agent’s executed actions to train the encoder and decoder. In other words,
the multiple agents use a homogeneous encoder and decoder module in the execution phase to decode
other agents’ embedded actions. Additionally, we maintain the signal broadcast assumption, that
is, each agent can observe others’ embedded actions as a detectable environmental factor. Lastly,
we adopt the three types of value functions: fully decentralized value function (ICP-Dec), global
value function as the sum of individual value function (ICP-Sum), and global value function as the
monotonic mixing of individual value function (ICP-Monotonic) in the training phase.

In the main text, Table 3 shows the performance comparison between Im-IWoL and ICP variants in
three tasks. First of all, Im-IWoL demonstrates clear superiority compared to ICP. Both ICP-Sum
and ICP-Monotonic consistently exceed the fully decentralized baseline by leveraging struc-
tured value decomposition and state-conditioned mixing to better capture inter-agent dependencies.
Monotonic mixing affords further gains in tasks demanding tight coordination, while the simpler
sum-of-values approach already delivers substantial robustness; in particular, it works better than
ICP-Sum in the MetaDrive where multiple agents share the environment compared to other scenarios.
In contrast, the fully decentralized variant struggles to scale as complexity grows. These results
underscore the critical role of principled value combination in enhancing implicit communication
and cooperative behavior.
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F.5 IWOL WITH OFF-POLICY FAMILY ALGORITHM

In the main body, we only consider the on-policy family of algorithms. That is because they
empirically provide stable and reliable training compared to the off-policy family. Additionally, all of
our selected baselines are formulated as on-policy algorithms, so adhering to on-policy ensures a fair
comparison and evaluation of performance.

This subsection investigates whether IWoL can be adopted within the off-policy family of algorithms.

Table 4: IWoL’s performance in off-policy algorithm.

Algorithms

Task MAPPO MAGIC MADDPG MADDPG+IWoL

Intersection 454.8 ±70.2 518.3 ±77.4 413.8 ±188.7 506.1 ±95.7

Parking Lot 327.4 ±211.7 371.2 ±14.3 311.0 ±142.6 459.3 ±88.2

Table 4 MADDPG+IWoL consistently improves over vanilla MADDPG, demonstrating that IWoL
can also be effectively applied in off-policy settings. These results reinforce the generality and
effectiveness of our communication framework, beyond the on-policy family.

F.6 FULL TRAINING CURVE

Intersection Parking Lot

Simple Navigation Material Transport

Open Door Outward

Go1Gate Go1Sheep Go1Seesaw

Bottle Cap Two Catch Overarm

Figure 13: Learning curves across four environments. We plot the averaged rewards as a solid line and the
tolerance interval as a shaded area.
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